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One path to increasing the diversity of the engineering workforce is to understand
the affective self-beliefs of women who choose engineering and how those beliefs change over
time. By understanding these self-beliefs, educators can help to empower women to identify
with engineering and see its potential to make change in their world. Rigorous research in
this area is needed and could have significant positive impact on the engineering workforce.
This research builds on critical agency theory by validating and refining the frame-
work of Critical Engineering Agency (CEA), though which students’ interest in engineering
is enhanced when they see opportunities to make change in their world. This framework
has been developed by drawing from prior qualitative research and through a quantitative
national study. Structural equation modeling was used to understand the connections be-
tween the constructs of CEA. Additional work was conducted to understand other factors
that influence students’ choice of engineering. A pair of qualitative follow-up studies to
this work were conducted to understand the reasons why students develop CEA and choose
engineering as a career. The qualitative phase added explanatory context and interpretive
power to previously identified relationships through open-ended surveys and a longitudinal
case study.
The results highlight the salience of the CEA framework, indicating that recog-
nition beliefs are the most important piece of identity development and holding agency
beliefs about the positive impact that engineering and science can have on the world is
more important for women than men in affecting their engineering choice. Qualitative
results illustrated how identity and agency beliefs form and how the connection between
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Communities of Practice and identity through agential bridging occurs. The results from
an in-depth case study demonstrated how CEA is developed through constructed hybrid
spaces and practically plays a role in engineering decisions and identity formation within
an engineering Community of Practice.
Students’ identities and agency beliefs provide insight into why students choose and
persist in areas related to engineering, how professors might develop students’ internalization
of recognition in the classroom, and how this CEA framework might provide a lens for future
research. Providing high school and college faculty, admissions and recruitment staff, and
college administrators with research-based strategies to increase female students’ personal
engagement with engineering is an important step towards diversifying engineering.
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Chapter 1
The Gender Landscape of
Engineering
1.1 Background
As the need for quality engineering solutions increases in order to maintain America’s
competitiveness on a global scale, the need to understand why students choose engineering
as a major in college and as a career deepens as well. Prior to college, students usually do
not have direct engineering experiences and have yet to experience a community of practice
within engineering [1]. Additionally, the requisite high school courses are often undifferen-
tiated for students entering a variety of science, technology, engineering, or mathematics
(STEM) fields. This lack of context makes the choice of engineering difficult to under-
stand. Recent calls have been made for one million new STEM graduates in the next nine
years [2]. In order to meet this demand, a new and diverse engineering workforce needs to
be identified and prepared.
Few paths into an engineering career exist beyond the freshman year due to se-
quenced course requirements and a large number of credit hours needed to complete a
degree in engineering on time [3]. Additionally, students who leave engineering do not do so
because of inability. Students leaving engineering often did not attribute their behavior to
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limited ability, lack of adequate preparation or a lack of desire not to work hard. Instead,
the four most common reasons students gave for switching were: a loss of interest in the
subject matter of STEM fields; the belief that a non-STEM major would be more interest-
ing or offer a better education; poor teaching by STEM faculty; and feeling overwhelmed by
what students considered the unnecessarily demanding pace and load of STEM curricula [4].
Tinto’s research supports this finding for all college students, both STEM and non-STEM.
This interactionalist model cites family background, individual attributes, and secondary
schooling as precollege factors that are related to the decision to remain in or leave college.
However, the degree to which myriad individual differences combine to predict major re-
tention is less clear [5]. The loss of students from engineering to other majors in college is
not substantially larger than other STEM fields, unlike the differences in the representation
of women in engineering. Across the numerous disciplines within engineering, there is a
substantial variation in the representation of women (e.g. 44.3% in environmental engineer-
ing versus 9.4% in computer engineering) [6]. The point at which students need to choose
engineering is the transition from high school to college. Students must be empowered to
choose engineering before beginning their post-secondary education in order to attract the
largest number of students. This transition point from high school to college is a crucial
junction to begin to address the need for a larger engineering workforce and more diverse
engineering solutions. Examining the attitudes of students choosing engineering can shed
some light into this complicated decision and increase the likelihood for more students to
choose engineering.
1.2 The Lack of Women in Engineering
The underrepresentation of women in engineering is a persistent issue which hinders
the development of the most well-rounded engineering solutions, limits the engineering field’s
capacity, and limits access to the social, economic, and cultural capital available through
the pursuit of an engineering career [7]. While other professions such as law, medicine, and
2
business have achieved equal (or near equal) representation of women, engineering remains
a field predominated by men, with bachelor’s degree recipients comprised of less than twenty
percent females overall [8].
Women face many barriers to the choice of engineering in college, beginning in
childhood. It is common for female students to lose interest in science and mathematics
courses in middle school [9]. This phenomenon, in turn, sets them on a path to take fewer
Advanced Placement or International Baccalaureate mathematics and science classes, on
average, in high school [10]. Such barriers may significantly reduce the number of females
interested in pursuing an engineering degree after high school. Additionally, women do not
receive as much encouragement as men to pursue degrees in engineering fields [11]. All
of these factors likely contribute to the aforementioned reality that less than one fifth of
engineering bachelor’s degrees are earned by women [6].
Studies have demonstrated that females who choose to major in engineering in col-
lege remain in their chosen major at the same rate as men [12]. Additionally, there are few
inroads into engineering programs after the freshman year for all students [3]. Thus, a key
issue to increasing representation of women in engineering careers is to study recruitment
(mostly before beginning college) rather than retention in engineering majors. For many
students, men and women alike, the end of high school is the natural and conscious point
in time at which students commit to their college direction; by this critical juncture females
must be empowered to choose engineering. Otherwise, one of the best opportunities is
lost; transitions into engineering in college are difficult and rarer, and without interventions
prior to college the engineering community will continue to look much like it does today.
While attitudes toward STEM careers often begin to form in middle school and female
interest in math and science decreases over time, high school science and math experiences
can empower females and change the prevailing disinterest to pursue engineering as a ca-
reer: despite having lower interest in STEM careers on average, women do still take high
school STEM courses in large numbers, including physics and mathematics. Understanding
the gender issues for students before they have already chosen engineering may enhance
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educators’ abilities to recruit and retain a broader diversity of students.
1.3 The History of Women in Engineering
As far back as formal education in the Middle Ages, professional schools have been
a part of institutions of higher education. These types of schools were begun to provide
training and education in areas of importance to society. Some of the earliest areas of
education include the study of medicine in Salerno, Italy and Montpelier, France; the study
of law in Bologna, Italy; and the study of theology in Paris, France. As society became
more advanced and the need for technology grew, other subjects qualified for participation
in a university environment, including engineering [13]. Traditional professional careers
of medicine and law continue to be associated with universities as professional schools in
many countries [14]. Throughout this era, science, mathematics, and philosophy have been
domains of knowledge constructed mainly by men with both deliberate and unconscious
exclusion of women. David F. Nobel comments that the underrepresentation of women in
science and engineering or the “world without women” did not simply emerge, but was
constructed [15].
Some of the first engineers were involved in military operations of building roads,
bridges, and fortifications for the defense and invasion plans of their governments. The
initial institutions that taught engineering were founded in France in the middle of the
eighteenth century. The origins of the word engineer from the eleventh century are the
Latin word ingeniare, which means to devise (in the sense of construct) or craftsmanship.
Ingenuity along with several other words are related to ingeniare [13]. By the beginning
of the nineteenth century, France had established military and polytechnic schools to teach
engineering as a part of the curricula that produced such notables as Laplace, Lagrange,
and Fourier [16].
The first American school that offered engineering as an area of study was the
U.S. Military Academy at West Point, beginning in 1802. The first school teaching the
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discipline of civil engineering was Rensselaer Polytechnic Institute, which awarded the first
engineering degree in 1835. By the end of the 1800s, multiple programs in engineering
existed at a number of universities nationwide. However, women were unable to enroll in
any college until Oberlin College permitted them entrance in 1837. The purpose of this
education was ostensibly to provide ministers with intelligent, cultivated, and thoroughly
schooled wives [14].
Between the late 1880s and the early 1900s a handful of women ventured into en-
gineering studies, primarily at land-grant institutions [17, 18]. These women attracted a
certain attention, since they were a rarity in this field. Reporting on the new female pres-
ence on campus, 1920s newspaper headline read, “Three Coeds Invade Engineering Courses
and Compete With Men at Cornell University: Stand Well in Their Studies” [19]. The
issue of women venturing into the traditionally-defined masculine spaces came to a head
with World War II, when the United States suddenly faced a “manpower” crisis. As World
War II ended, returning male veterans flooded into American engineering programs, and
the wartime emergency rationale for encouraging women to develop their technical talents
vanished. More than that, conservative gender roles of the postwar decades brought about a
prevailing expectation that women’s career ambitions must give way to the goal of marrying
and raising children. Young girls who did express technical interests were often deliberately
discouraged by negative remarks from family or teachers [20].
Despite this discouragement, additional opportunities for women to participate in
the workforce as engineers grew in the 1950s and 1960s. Many engineering schools in the
U.S. that had previously been committed to male-only education became coeducational
institutions. Georgia Tech began to admit women engineering students in 1952, but only
in programs not available in other state universities. Over a decade would pass before
women were admitted to all courses offered by Georgia Tech in 1968. The lack of women in
technical disciplines began to change during the Cold War and the period of the space race
between the United States and the Soviet Union. Female faculty members at engineering
institutions like MIT began to actively promote the cause of women’s engineering education
5
in the late 1960s and 1970s as a part of the second wave of feminism in the U.S. [20].
By the end of the twentieth century, however, women were still nowhere close to
approaching proportional representation in the engineering profession. Women made up
12.1 percent of undergraduates enrolled in engineering across the United States in 1979,
and by 1998, that percentage had risen only to 19.7 percent. In terms of graduation rates,
in 1996, 11,316 women earned bachelor’s degrees in engineering which was only 17.9 percent
of the national total. By occupation, women constituted nine percent of all engineers in
1998 [21]. The number of American women who earned science and engineering degrees in-
creased steadily from the 1960s to the early 1980s, then unexpectedly reached a plateau [22].
Today, the percentage of female students who receive their bachelor degree in engineering
is still below twenty percent (18.9%) [6].
Frize offers three myths that still influence men and women’s attitudes about which
careers are appropriate for each sex [14]:
1. Gendered stereotypes have disappeared.
2. Boys are better than girls at math and science.
3. Sexual harassment has very little impact on women.
These ideas are persistent in the culture of engineering in the U.S. Academic per-
formance is not one of the main barriers to women pursuing engineering. Instead, gender
stereotyping in the media, family life, school, and society seem to be the main influence on
career choice for students [14]. Women tend to underestimate their abilities in math, while
men tend to overestimate theirs. However, a recent report [23] found:
from grades 2 to 11, the general population no longer shows a gender difference
in math skills, consistent with the gender similarities hypothesis. There is evi-
dence of slightly greater male variability in scores, although the causes remain
unexplained. Gender differences in math performance, even among high scor-
ers, is insufficient to explain lopsided gender patterns in participation in some
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STEM fields.
Dr. Ursula Franklin at the University of Toronto suggests that women in middle
and high school probably need to invest 15 to 20 percent more energy than young men to
get similar academic results [14]. This phenomena was documented in Sexual Harassment:
High School Girls Speak Out [24]. Larkin observed that incidents of sexual harassment,
are logical products of a culture in which women are generally devalued, reviled
and mistreated. . . Despite the gains made by some women since the early 20th
century, the continual devaluing of women’s work, the lack of women in positions
of authority and decision making, the continual resistance to having control over
their own bodies, the visual representation of women as sexual objects, and the
disparaging jokes about blondes, mother-in-laws, and bimbos are just some of
the ways the diminishment of women remains embedded in our cultural attitudes
and practices. Sexual harassers don’t just hatch in high school; they have evolved
from years of training in a society that conditions them to treat women as less
important than men (p. 22-23).
These barriers can create conditions that are difficult for women to overcome. How-
ever, developing the self-beliefs that one can succeed in engineering is vitally important to
begin to confront the underrepresentation of women in engineering. Beginning to address
who women see themselves to be, what they can do with a career in engineering, and how
they can use that career to make an impact in the world may begin to address many of
these issues.
1.4 Overview
Student responses to a nationally representative survey on the backgrounds, atti-
tudes, and career expectations of college students were used for subsequent quantitative
analyses. Additionally, two qualitative studies were conducted with an open-ended survey
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of how these affective states were developed and an in-depth case study of the experience
of a particular female student as she completed high school and enrolled in an engineering
program. This study resulted in an understanding of the identities and agency beliefs that
women who choose engineering exhibit and how these affective constructs are developed in
context.
A thorough analysis of the literature has been conducted in order to identify po-
tential factors that would influence students self-beliefs and increase female empowerment
to choose engineering in college. This information is presented in the first three chapters
of this dissertation. Chapter 1 gave an overview of the history of women in engineering
and highlighted the underrepresentation of women in engineering today. Chapter 2 gives
an in-depth overview of the theoretical framework used in this research and other related
frameworks. Chapter 3 outlines the data sources, research methodologies, and research
questions addressed in this work.
Chapters 4-6 are written to stand somewhat on their own and describe the results
of this research investigation. Chapter 4 outlines the steps taken to validate the constructs
used to measure Critical Engineering Agency (CEA). Chapter 5 outlines the bulk of the
quantitative research testing structural equation models to explain the choice of engineering.
Chapter 6 steps outside of the CEA framework to explore the effect of external factors other
than students’ self-beliefs on their choice of engineering.
Chapter 7 focuses on the qualitative research conducted to explain both how and
why female students choose engineering. Generalizable connections were seen from the
quantitative results in Chapters 4-6. Chapter 7 works to understand how these connections
are formed and what they mean for women’s choice of engineering.
Chapter 8 is a longitudinal case study of one female student beginning in the spring
semester of her senior year in high school and following her through her first year in an
engineering college. This case is a prime example of how developing CEA can impact
females’ choices and retention. By following this one case, a situated, transferable example
of CEA can be examined.
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Finally, Chapter 9 synthesizes the findings from Chapters 4-8 and offers an evidence-
based explanation for the effect of women’s self-beliefs on engineering choice that can be used
by faculty, admissions decision-makers, and administrators to attract and retain women in
engineering. This work can help reduce the gap of women in engineering.
1.5 Approach to Research
Mixed methods research makes use of both traditional qualitative and quantitative
research techniques. This approach recognizes the importance of the long-held practices of
both quantitative and qualitative research but also offers a powerful third paradigm choice
that often provides informative, well-rounded, and practical research results.
Pragmatist epistemology objects to viewing knowledge as a “copy” of reality [25,26].
This paradigm focuses on knowledge as a construction rather than an achieved concept in
order to act within the world. Dewey [25] writes: “The function of intelligence is therefore
not that of copying the objects of the environment, but rather of taking account of the way
in which more effective and more profitable relations with these objects may be established
in the future.” This approach does does not totally deny a correspondence view of truth,
but claims that it is appropriate only for simple statements of small fragments of reality.
Instead, knowledge or reality is filtered through an individual’s own perceptions and is,
therefore, constructed.
Pragmatism has high regard for the reality of and influence of the inner world of
human experience in action [27]. In this approach, knowledge is viewed as being both con-
structed and based on the reality of the world we experience and live in. This perspective
is particularly apropos for mixed methodology research because it connects theory to prac-
tice. Pragmatism offers an epistemological justification (via “pragmatic epistemic values
or standards” [28]) and logic for mixing approaches and methods (use the combination of
methods and ideas that helps one best frame, address, and provide tentative answers to
one’s research question[s]). Additionally, this approach is appropriate for understanding
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students’ internal affective states that influence their constructed knowledge and reality.
Knowledge construction is based on the inquirer’s norms, values, and interests. Validity
claims for this type of research are “warranted assertions” that result from inquiry into
actual situations with concrete actions or narrative [28].
Pragmatism rejects the thesis that qualitative and quantitative paradigms are in-
compatible, conducting both quantitative and qualitative research. Research paradigms
can remain separate, but they also can be mixed into another research paradigm of mixed
methods [29]. Another attractive feature of pragmatism for mixed methods research is that
pragmatism includes a wide range of theorists that mixed methods researchers can consider





After highlighting some of the issues that women face in engineering, this work is
motivated to address the gender gap by viewing the situation through affective framing. Un-
derstanding students’ beliefs can impact how we understand the choices of women towards
engineering and how to better retain these students by engaging their interests and goals.
Additionally, as educators, it is possible to impact students’ affective beliefs more read-




One potential way to address the gender gap in engineering is through an improved
understanding of the factors that influence and the processes through which students might
choose to study engineering in college. Critical Engineering Agency (CEA) is a framework
for conceptualizing and potentially understanding this choice. This framework utilizes mul-
tiple identities along with students’ agency beliefs and is inspired by the Critical Science
Agency framework developed by Basu and Calabrese Barton [30–32]. In CEA, identity is
defined as the authoring of one’s self within a particular context and in many senses is a
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continually evolving, self-reflexive process [33]. Students who enter science and engineering
often need to see themselves as the “kind of people who would want to understand the
world scientifically” [34]. Previous work in the CEA framework has identified that the de-
velopment of multiple identities in physics, math, and science generally are important for
students who choose engineering in college [35]. In addition, previous work has found that
students who aspire to be engineers have different professional and vocational related iden-
tities than their peers [36, 37]. Additionally, students in an engineering track have higher
attainment value which is related to an engineering identity or an engineering “sense of
self.” This value has been found to be important for students’ persistence and more im-
portant than students’ interest or perceived utility of engineering for continuing with an
engineering career [38]. In the past, there has been a focus on understanding engineering
and professional identity development at the college level, after students choose an engi-
neering major. For example, Chachra and colleagues [39] studied the development of an
engineering identity at the undergraduate level and found distinct differences based on the
culture of an institution and students’ perceptions of engineering practice. The effect of
school culture on engineering identity development also has been noted in other work [40].
However, there are few studies that focus on the impact of student experiences
prior to college and other self-beliefs that may be precursors to the development of an
affinity for engineering [36], although the need for such research has been stressed in the
past [41]. Much of the existing prior research has acknowledged the need for understanding
multiple STEM identities prior to the choice of engineering [36, 38, 41]. Considering these
identities is important because students’ self-beliefs can impact their educational choices
and potentially the later development of an engineering identity. Understanding these, the
beliefs that precede engineering identity development, will help educators to develop a better
understanding of how and why students are drawn to engineering as well as the reasons why
others may move away from it due to their perceptions that engineering conflicts with their
view of themselves, career aspirations, and other self-beliefs.
In the CEA conceptual framework, domain-specific identities – that is, math, physics
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and general science identities – are each comprised of three dimensions of student be-
liefs: their performance/competence, recognition, and interest beliefs [42–46]. These con-
structs have been validated in previous studies in physics and mathematics using large-scale
data [43,46]. Students’ performance/competence beliefs represents their beliefs about their
ability to perform effectively (e.g. on an exam in a subject) and be competent in a particu-
lar domain. The recognition component of identity consists of a student’s beliefs that they
receive external recognition from parents, peers, teachers, etc. as a good student (or “kind
of person”) in a domain/subject (e.g. “mathematics person” or “physics person”). Interest
in a particular domain also plays a key role in students’ identity and their the choice of an
engineering major. Students must have some understanding of how topics relate to engi-
neering in order to be attracted to engineering and at least have the opportunity to develop
an identity in engineering. Previous studies have shown that students who are interested
in engineering show particular interest and skill in math and science [47], and that these
identity constructs are connected to students’ choice of engineering as a major in college.
Critical Engineering Agency is not simply a model of students’ identities; it also
involves students’ agency beliefs. Agency, in this case, refers to the capacity of an agent,
a person or other entity, to act in the world, and this work focuses on students’ self-beliefs
about their own agency in certain contexts. That is, this theoretical framework refers to stu-
dents’ perception of their ability to change their world through everyday actions and their
broader goals. Students’ agency beliefs involve how students see and think about STEM as
a way to better themselves and the world [48] along with being a critic of themselves and
science in general. The “critical” aspect of CEA incorporates the ways in which students
become evaluators of STEM (in the sense of being critical thinkers) as well as become crit-
ics of themselves and the world around them through self-reflection. Being a critic, in this
latter sense, is defined as evaluating, judging, and analyzing, not simply making negative
judgments. The development of CEA can subsequently lend to students’ professional iden-
tity development, advance their position or status in their community, society or the world,
and/or alter their world in ways they envision through science and engineering.
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2.2 Related Theoretical Frameworks
There are several constructs and theories in the STEM education literature that
describe aspects of CEA. Understanding how these different research areas correspond and
complement one another is important to understanding the state of research within the
engineering education field. Once the current research is understood, areas where further
improvements can occur can be highlighted and research can be conducted to fill gaps in
current knowledge.
Agency
Agency beliefs are not synonymous with students’ views on the nature of science
and technology, but they are connected to specific epistemological aspects of their beliefs
about the nature of science, which have been articulated in other literature. Beliefs about
the “nature of science” most commonly refers to the values and assumptions one holds as
inherent to the development of scientific knowledge [49]. Agency beliefs, in our description,
are similar to students’ conceptions of the nature of science specifically related to the influ-
ence of science and technology on society [50,51]. Part of these conceptions describe how a
student may view science/technology as related to society, while agency beliefs encompass a
student’s attitudes toward the ability of science/technology to influence positive change in
the world with an emphasis on the subsequent actions. The perceived value of science and
the development of one’s self as a critic are encapsulated in the agency beliefs component
of CEA. How students value science/technology is broadly measured in the nature of sci-
ence literature by students’ attitudes toward science [52]. Student attitudes toward science
have been measured by a number of instruments including the well-known, large-scale study
by Simpson and Troost including 4,500 students from schools in North Carolina [53]; the
Attitudes toward Science Inventory developed to measure science attitudes including the
value of science in society and students’ science self-concept [54]; and the Views on Science-
technology-society (VOST) instrument which is an empirically-developed, multiple-choice
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item pool (114 items) that offers a wide coverage of topics on science and technology in
society and a particular methodology to assess them [50]. While these instruments measure
constructs similar to agency beliefs, our framing of agency beliefs is somewhat distinct,
because it involves the value of science/technology for action/change and in direct relation
to students’ lives as well as the role of science in becoming a critic of one’s self and the
world.
In classroom studies, pedagogical practices focused on students have been shown
to facilitate critical agency development within the classroom [30, 31]. These strategies
include items in the following domains and are related by the constructs shown in Figure
2.1. Additionally, the measures of each strategy are listed below:
Student Roles – the roles that students take on within science classrooms, their rea-
sons for participating in particular ways, and the relationship they
perceive these roles to have with scientific knowledge and practice
within the classroom, a peer group, or a community. Measures in-
clude: participation in class, reasons for participation, role during
group work, and relationships with others during group work.
Leveraging of Resources – resources include: personal, teacher, peer, and out-of-
school resource network and opportunities for accessing both tradi-
tional and non-traditional scientific knowledge. Measures include:
use of objects (computer), people (teacher), and social networks
(peers, community).
Iterative and Generative Processes – exploring opportunities to refine students’ un-
derstanding (e.g. revisiting/deepening understanding of a topic, crit-
ical thinking) and extend it to a new context (e.g. teaching topic to
others, consider related career options, and applying understanding
to real-world contexts like sustainability). Measures may include:
revisiting ideas/topics, applying content to real-world contexts, and
applying content to contexts in students’ life.
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Figure 2.1: Conceptualization of how classroom experiences develop Critical Science Agency
constructs [30].
Current research in engineering education supports that idea that developing agency
within the classroom has an effect on identity development, performance, learning and
persistence. All of these aspects are key components in critical engineering agency and the
choice of engineering as a college major [42,55–60].
In addition to papers directly related to the concept of agency, identity and role-
confidence also play a part in understanding this framework.
Identity
Originally, the construct of identity is based on four measurable dimensions of stu-
dents beliefs about their performance, competence, recognition by others, and interest as
depicted in Figure 2.2 [42]. In subsequent literature, students early on in their college ca-
reers could not distinguish between performance (e.g. getting a good grade in a subject)
and competence (e.g. understanding the concepts in a subject) [45], so these items became
a single dimension of performance/competence. These three dimensions richly capture the
formation of an identity and can be used to study the creation of an engineering identity
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specifically in relation to CEA. Additionally, the study of identity formation has proven
useful in understanding persistence [61]. This framework for measuring identity has been
proven through large scale studies in physics and mathematics [42]. The recognition compo-
nent consists students’ beliefs that they are seen as an engineer or good engineering student.
Interest in the subject material also plays a key role in choice of engineering as a major. If
students do not fully understand the realm of engineering, and females lose interest in math
and science early on, how can more females be attracted to engineering without address-
ing this dimension of identity formation within CEA? No gender differences in engineering
attrition rates have been shown for male and female students. Performance in math and
science are not the primary reason that females either do not choose engineering as a ma-
jor or leave [4]. While female students are able to perform as well as men in engineering,
females’ self-perception of their performance and their confidence in their engineering skills
are lower when compared to men [62].
Figure 2.2: Framework for students’ identification with a specific subject area – in this case,
physics [42].
Traditional roles for male students and female students create gendered patterns for
access to engineering professions and identity. While women bring many skills to engineer-
ing disciplines such as managing, planning, organizing, coordinating communications, and
bringing different perspectives, these features are often not recognized as fundamental engi-
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neering skills. The emphasis falls to technical and analytical skills. While women perform
just as well as men in these, the lack of recognition hinders the formation of an engineering
identity and professional role-confidence. Women must not only author their identity as
engineers, but they must contradict the traditional stereotypes surrounding engineering as
a masculine field. The authoring of an engineering identity is not a one-time effort while
pursuing a degree in engineering, but is a continual process [33]. Traditionally, the engi-
neering field holds a professional ideology that puts emphasis on mathematical ability and
technical expertise. This environment along with the masculine stereotype of engineering
contributes to creating a condition that is particularly unwelcoming to women which is
often termed a “chilly climate” [63].
In an ethnography of a public engineering school, a culture of gender discrimination
was deeply ingrained [64]. The cultural identities within the engineering college did not
include terms for women. Even though women comprised twenty percent of the student
population, there was no sense of belonging to the established engineering culture. For men,
belonging was defined in a variety of ways from being an over-achiever to being a slacker with
a rich variety of identity terms. None of the terms highlighted by the studies participants
related to women. Studies of two senior design groups illustrated the marginalization of
females’ contributions and opinions within a group. One particular example stood out dur-
ing a classroom discussion of sexual harassment. Two male students menacingly confronted
a female student in the class and a male professor when they disagreed about a scenario
around a hostile working environment for a female welder. One of the men responded by
saying, “this is the way things were before the woman arrived.” This statement was refer-
ring to the inappropriate pictures of nude and partially-clothed women in the workplace of
a previously all-male shipyard welding office. The student claimed that the female worker
who filed a sexual harassment claim should “just deal with it.” Additionally, this type of
behavior was not shown by freshmen male engineering students indicating that it might
be a learned behavior. While this may be an isolated case, this study does illustrate the
presence of stereotypes and discrimination in the current engineering education system [64].
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Role-confidence
The concept of self-efficacy was introduced in by Bandura in 1977 and is rooted
in social cognitive theory. Self-efficacy is one’s confidence in one’s ability to implement
knowledge and actions to effectively perform a specific task. Efficacy perceptions are gained
through four major informational sources:
1. Personal performance and accomplishments - one’s patterns of past successes and
failures.
2. Vicarious learning - comparing oneself to the performance of others.
3. Social persuasion - encouragement or discouragement one receives from others.
4. Physiological states and reactions - pleasant or unpleasant emotional or physical re-
actions [65].
The idea of self-efficacy is closely related to what has been called role-confidence or
one’s ability to perform a task related to one’s identity or role. Self-efficacy is significantly
related to a students’ persistence in engineering [66]. This finding has also been shown in a
larger meta-analysis that linked self-efficacy with academic performance and persistence [67].
Students’ pre-collegiate experiences within a semester-long, engineering-related course or
participating in hobbies like programming, electronics, producing video games, robotics,
and model rockets have statistically higher engineering self-efficacy than other students.
These hobbies are characterized by hands-on experiences, self-motivated learning, real-life
application, immediate feedback, and problem-based projects [66]. Notably, most of these
hobbies are traditionally associated with male students rather than female students. Thus,
the number of men entering into engineering is reinforced by traditionally male hobbies.
Student self-assessment of their math abilities is significantly and positively related
to whether students enter college as engineering majors. However, while female students
self-assess their mathematics skills entering post-secondary education lower than males, stu-
dents’ math self-assessment did not significantly predict persistence once students enrolled
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in a STEM major. In addition, family plans do not have a significant influence on female
students’ persistence in engineering. Once students enter into a STEM major, other more
complex self-assessment is the cause for student attrition. Cech and colleagues have termed
this specific self-assessment professional role confidence [62]. This concept consists of a stu-
dents’ confidence in their ability to fulfill their expected roles, competencies, and identity of
their profession. This concept not only includes the mastery of core skills, but a confidence
and identity with the profession itself. Two factors influence professional role confidence:
expertise confidence, or confidence in “one’s ability to wield the competencies and skills
required of practice in the profession,” and career-fit confidence, or confidence that a “pro-
fession’s career path is consonant with one’s individual interests and values.” Women do
not develop these key pieces as strongly as men within engineering [62]. This finding may
explain the gender differences in engineering careers. In order to develop a diverse engineer-
ing workforce, students must not only choose engineering as a major, but their choice of
a career after receiving their degree must be nurtured as well. Professional role confidence
may explain why more women leave engineering after post-secondary education.
Social Cognitive Career Theory
Social cognitive career theory (SCCT) has been widely used to investigate the choice
of engineering as a career. This theory is based on the social cognitive approach originally
introduced by Bandura [65, 68]. Social cognitive career theory is founded on the triadic
reciprocal relationship between personal and physical attributes, external environmental
factors, and overt behavior included. This model, first proposed by Lent, Brown, and
Hackett [69], features three interlocking models including interest development, choice of a
career, and performance (described by self-efficacy) developed from previous work by the
authors as well as a meta-analysis of current vocational career models and research. The
word “career” used in the title of SCCT is inclusive of academic interest, choice, and perfor-
mance. Social cognitive career theory features three interlocking models including interest
development, choice of a career, and performance. These three models are described using
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the constructs of self-efficacy, outcome expectations, and goals. This operationalization of
self-efficacy defines this construct as “people’s judgments of their capabilities to organize
and execute courses of action required to attain designated types of performance” (p. 83).
This theoretical framework defines outcome expectations as the desired effect of a course
of action. The construct of goals is defined as the effort required to engage in an activity.
This model attempts to incorporate several different factors in choice including a social or
environmental impact on choice including factors like race, gender, physical status as well
as background. The environmental aspects moderate the personal inputs for interests to
choice goals and choice goal to actions (see Figure 2.3).
Figure 2.3: Model of SCCT proposed by Lent, Brown, and Hackett [69]
The authors proposed this model as a causal model, indicating that the links between
constructs were directional. Additional work in SCCT has shown some issues with the
proposed theory. A path model was constructed of the model pictured in Figure 2.3 for
the choice of engineering [70]. This model was created in comparison to paths proposed
by Bandura’s work [71]. Social cognitive career theory proposed a direct paths model,
which posits that support and barrier perceptions produce direct paths to choice goals and
actions. In comparison, Bandura’s model featured mediated paths, which suggests that
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environmental perception relate to choice actions indirectly through self-efficacy and goals.
When the fit of these two path models was compared, the SCCT model did not fit the
observed data matrix indicating that the fit of the proposed model should be rejected.
Conversely, Bandura’s mediated paths model did accurately reflect the measured data.
The direct paths between supports and barriers and goals and actions were not significant.
Despite this information, the authors of SCCT have continued to use the direct paths
model and have rationalized this choice through sample collection (all engineering majors)
and confounding effects in their model. This model does not consider reciprocal effects
between self-efficacy and contextual variables as well as between self-efficacy and interests.
These affective states at the core of the model have not been fully explored which leaves
considerable room for improvement in this theoretical framework. However, SCCT continues
to be a widely used and cited model for choice of engineering.
2.3 Significance of the Study
As have been described, there are many research studies that highlight individual
issues that women face when choosing a career in engineering. However, in this work, the
literature is fragmented and does not draw connections between these individual frame-
works. Using critical agency theory as a way to understand the choice of engineering is a
novel approach. This framework has been used in understanding physics and math affinity,
but has not be utilized in engineering education research. While many factors are impor-
tant for students’ choice of engineering, students’ self-beliefs may be more important than
many external factors. Albert Bandura, one of the founding fathers of social modeling,
stated that “people’s level of motivation, affective states, and actions are based more on
what they believe than on what is objectively the case” (p. 2) [72]. The types of people
that students see themselves as is an important factor in how students feel about math and
science and their career objectives. Additionally, these affective states can be influenced by
targeted interventions [42]. Understanding how students, especially women, identify with
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engineering and are empowered to choose engineering as a career can begin to address the
persistent underrepresentation of women in engineering.
Building on work in science education, this research extends previous findings to
engineering through mixed methods to understand how high school science experiences can
empower females to choose to major in engineering. A mixed methods approach allows
for generalizable results from large-scale survey data and explanatory causal inferences
from qualitative data. Both types of data allows for the triangulation of results using
multiple reliable and valid methods which can help not only define but explicate new theory.
These outcomes will result in practical ways to increase female enrollment in engineering
programs through research-based pedagogies and recruitment strategies focused on female
empowerment in engineering.
The results of this work will directly affect high school teachers and college faculty,
staff, and administrators. By focusing on how females become empowered to choose en-
gineering, females can be influenced to choose engineering upon entrance to college before
routes into engineering are mostly closed. The practical methods identified in this study can
be used to attract more women into engineering from the model developed. An increase of
females in engineering will help initiate a much needed shift toward a more diverse engineer-
ing workforce and more balanced approach to engineering solutions. Advancements in the
understanding of female empowerment in science and math careers can potentially trans-
form an entire field of research and industry through new and more diverse participants.
Additionally, this research can be applied to increase student empowerment in other areas
suffering from underrepresentation. Unique approaches in the problem-solving strategies
used by engineers are essential as growing global competition and the subsequent restruc-
turing of industry, the increased use of technology, and the emphasis on new energy sources
drive the need for more engineers with creative vision. Only by diversifying engineering
as a whole can these goals be accomplished, and this change is essential to the National
Science Foundation’s (NSF) vision to “capitalize on the rich diversity of human resources by
increasing the number of women, underrepresented minorities, and persons with disabilities
23
who participate fully in engineering education, research, and practice” [73].
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Chapter 3
Research Design and Methods
3.1 Purpose of Study
The goals of this study are to understand the framework of Critical Engineering
Agency (CEA) and highlight ways that this framework can empower women to choose
engineering. This mixed-methods explanatory study is two-fold: applying this framework
on a large-scale to explain the choices of many, and utilizing this framework to explain
student attitudes in specific cases. This second step of this study will advance understanding
of the relationships discovered in the preliminary research on CEA in the first part of the
application of CEA in a quantitative analysis.
To expand the knowledge base of how and why females become empowered to choose
engineering as a major in college, the guiding question for this research is, “What factors can
be used to help women develop critical agency in physical science and choose engineering
as a major?”
The purpose of this research is to accurately measure how females develop CEA and
apply that measure through a model to predict factors which empower females to change
their world through an engineering profession. Additionally, another key purpose in this
research is detailing the reasons why females choose engineering and how they develop CEA.
I pursued specific objectives to help address this overarching purpose:
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1. Identify, through a national survey, relationships between students’ physical science
experiences in high school related to engineering, beliefs regarding engineers’ role and
the ability to change their world, and choice of college major.
2. Develop a predictive model that validates the theoretical framework applied and the
affective reasons for the choice of engineering for females.
3. Advance our understanding of the relationships shown in objective 2 through in-depth
studies of college students identified in specific objective 1.
4. Understand how Critical Engineering Agency is actualized in one student’s life.
3.2 Explanation of Research Design
To address the guiding research question, I will use a sequential explanatory mixed-
methods design to: 1) construct a measure of Critical Engineering Agency and 2) apply
that measure to predict factors which empower females to change their world through an








Study 1: open-ended surveys
qualitative









Figure 3.1: Depiction of research methodology for a sequential explanatory mixed methods
study. The two phases of the qualitative research occur concurrently after the quantitative
research to provide explanations of the trends discovered. The Study 1 and Study 2 will
provide feedback to one another for analysis and additional questions to ask participants.
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Phase 1 - Quantitative
This phase draws on data collected as part of a nationally representative quantitative
study exploring previous high school classroom and extracurricular experiences of both
engineering and non-engineering college students (NSF GSE 1036617).
This phase of my research addresses the following specific research questions:
Research Question 1 : What are the relationships among students’ identities in high
school that predict the choice of engineering?
Research Question 2 : How do students’ beliefs about how science and technology
can impact the world predict a choice of engineering?
Research Question 3 : Are these beliefs (identity and agency) different for men and
women?
Research Question 4 : How well does Critical Engineering Agency as an explanatory
framework describe students’ choice of engineering?
Survey Development
The Sustainability and Gender in Engineering (SaGE) survey (Appendix A) was
developed to understand specific factors (pedagogical, attitudinal, external, etc.) that can
increase female enrollment in engineering. Questions specific to my research goals were
included in this national survey.
The development of the SaGE survey was organized into three main components:
1) a literature review to identify factors that have been shown or hypothesized to influence
increased enrollment in engineering, 2) extraction of items from previous validated national
studies (Factors Influencing College Science Success – FICSS [74], Persistence Research in
Science & Engineering – PRiSE [42], and Factors Influencing College Success in Mathematics
– FICS-Math [46]) and, 3) hypothesis testing with students and high school science teachers.
During Spring 2011, undergraduate students at Clemson University, including both
engineering and non-STEM majors, were queried on their previous high school experiences
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related to sustainability in order to generate hypotheses for further investigation. In to-
tal, responses from 82 engineering majors and 41 non-STEM majors were collected. In
both groups, students reported an array of sustainability-related topics to which they had
been exposed, primarily in the domains of environmental and social sustainability with few
topics related to economic sustainability topics. Likely reflecting differences in prior course-
taking, engineering students identified sustainability experiences distributed roughly evenly
between their chemistry, physics, and biology classes, while non-STEM students primar-
ily identified these experiences in biology classes. When asked to identify the pedagogical
ways in which sustainability had been addressed in their classes, students identified several
different types of experiences. The most common ways in which sustainability had been
presented was through “Discussion” and “Projects.” Less commonly identified were “Ex-
ams,” “Homework,” “Out-of-class Activities,” and “Notes/Lectures.” The responses were
also analyzed with an exploratory factor analysis to determine if the constructs created
were valid and held together [75]. Additionally, open-ended surveys were sent to members
of the National Science Teachers Association (NSTA) listserv. Eighty-three high school
science teachers responded to the survey regarding classroom pedagogies implemented in
their math or physical science courses. These teachers were surveyed to understand typical
classroom practices that may be hypothesized to affect student choice of engineering.
Additionally, the questions developed from these three steps were piloted and refined
to a final survey instrument. Extensive feedback from grant assessors was used refine
the survey. Also, an in-person full draft survey pilot and focus group with 11 first year
engineering students at Clemson University was conducted to understand how students
were interpreting and answering the survey questions. Another in-person full draft survey
pilot and focus group was conducted with students at Virginia Tech.
All of these findings including feedback from hypothesis generation, pilot studies,
and assessors were incorporated in the survey through wording of questions, selection op-
tions, and elimination of non-essential questions.
The final survey includes 47 anchored, multiple choice, and categorical items that
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include the following categories:
Demographic Information – measured by gender, race, ethnicity, parental education, SAT/
ACT scores, highest high school math taken, grades in high school math and
science
High School Science Experiences – measured by querying classroom pedagogies and fre-
quency for biology, chemistry, and physics, the number of students per class,
type of high school attended
Beliefs About Engineers’ Roles – measured by factors associated with engineering
Engineering Identity – measured by self-identification as a “math person” or “science per-
son,” student interest in math and science, systems thinking, student confi-
dence about science ability
Choice of Major – measured by intended major in middle school, high school, and college
from a choice of fields, importance of factors for career choice (e.g. time with
family, job security, using his/her abilities, etc.)
Student’s Perception of His/Her Ability to Change His/Her World - measured by individual
actions, motivation for choice of major
Survey Distribution
In order to obtain a nationally representative sample of students, surveys were dis-
tributed to a stratified, random sample of colleges and universities. The list of all colleges
and universities from the National Center for Education Statistics (NCES) was divided by
institution type (two-year or four-year) and by institution size (small, medium, or large)
into six lists. Note that for-profit universities were removed from the list. The stratification
accounted for the size of the institution and prevented over-sampling of the smaller, but
numerous, liberal arts colleges in comparison to the relatively few, very large public state
universities. Each list was randomized, and then recruiters contacted schools starting from
the top of the list. From August to November of 2011, recruiters contacted English depart-
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ment chairs, or individual English professors when necessary, by email. Follow-up phone

















































Figure 3.2: Schools recruited for participation in SaGE survey. Dot size represents the
number of surveys sent to each school, not the size of the school [76,77].
A total of 16,552 surveys were delivered to the 50 recruited colleges and universi-
ties. The surveys were distributed in introductory English courses and completed in class.
Between October 2011 and January 2012, a series of four reminder emails were sent to par-
ticipating institutions to ensure that they returned surveys. The institutional response rate
was 100%. A total of 6,772 surveys were returned. Using this retrospective cross-sectional
cohort methodology, substantial natural variability in students’ background and prior ex-
periences can be captured. In the data, students reported that they came from homes in at
least 2,533 different ZIP codes across the U.S. A map of the engineering students’ reported
home ZIP codes is shown in Figure 3.3 (only the contiguous U.S. is shown). This map
helps to illustrate the geographic distribution and representativeness of the sample, which
is largely reflective of the population of the U.S. population. International students are also
included in this study as a part of the cross-sectional sample gathered from the institutions
surveyed. Of the total student population that completed the demographic portion of the
survey, 54.7% were female. Each dot may represent more than one student and is located in
the center of the reported zip code. This representation may visually inflate the populations
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in some areas like in North Dakota versus the East Coast due to larger areas for zip codes in
the western part of the U.S. and more than one student per dot. The number of students in









































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Figure 3.3: Home ZIP codes of students who participated in the SaGE survey. Note only
the contiguous U.S. is depicted [76,77].
Instrument Reliability and Validity
Once the instrument was developed, it was piloted with students and revised to
ensure face validity and prevent survey fatigue in students. Lending to content validity,
the hypotheses generated from the aforementioned survey of NSTA members as well as an
open-ended survey of 82 first-year engineering and 41 non-engineering majors were included
in the survey. Feedback from assessors familiar with survey development also added to the
expert content validity of the survey.
To assure stability of the instrument, items utilized for this research were tested by
test-retest method of 62 students with an average Pearson’s correlation of 0.732.
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Phase 2 - Qualitative
The quantitative part of this study cannot explain why identified factors might
increase agency, empowerment, or the number of females majoring in engineering. To
address these issues, additional study was required. Using contact information collected
from students on the survey, Phase 2 of this research addresses the connection between
student experiences and CEA.
Three research questions came out of Phase 1 to be addressed in the Phase 2 re-
search. These questions address ideas that can not be answered from the SaGE data set
through quantitative analyses. Qualitative data can provide the needed depth and richness
to understand the connections and precursors to the CEA and engineering choices identified
in Phase 1.
Research Question 5: How do women identify with physics and math?
Research Question 6: What do women believe they can do with engineering/science
as a career?
Research Question 7: What factors influence women’s identities and agency beliefs?
To address these research questions, two concurrent qualitative studies were con-
ducted.
Study 1: Open-ended Surveys – Using contact information collected from fe-
male engineering students in the SaGE survey, this study addressed the connection between
student experiences and CEA. This population will allow a number of contrasting cases to
be examined for women interested in engineering with both high and low aspects of CEA.
Student experiences, expectations, and attrition can be examined through the lens of CEA
to better understand the connections between students’ self-beliefs and career choices within
engineering.
Study 2: Case Study – A student from the SaGE research project science class-
room observations was highlighted as an exceptional case of a female entering engineering
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with high CEA. This student, with pseudonym Sara, started her academic career at a
small, 4-year, private institution in Fall 2013. Following her development in understanding
engineering careers, her identity as an engineer, and her beliefs about what engineering
can do for the world and herself further refined the framework of CEA and the predictive
model developed previously. Sara’s story added insight to the larger quantitative survey
and qualitative open-ended surveys collected from the SaGE population.
Open-ended surveys were chosen to investigate the same population that answered
the SaGE survey. Analyzing responses from the female students who indicated higher
agency beliefs than men and chose engineering on the SaGE survey gave a better un-
derstanding of why females reported these higher agency beliefs than men. Similarly for
females reporting lower math and physics identities than men, the qualitative research gave
insight into these responses and how these factors impacted their own choices. Examining
the same population allowed for validation of the critical engineering agency model devel-
oped in Phase 1 through triangulation of student responses. This qualitative data gave
explanations and interpretations for the quantitative data gathered from the same context.
A case study of one student allowed for a deeper understanding of the complexities
of CEA and how a student’s affective states interacted with their decisions, specifically her
choice of a career in engineering. This case study gave a specific illustration of a more
general concept, the application of CEA.
A qualitative approach to this phase of the research allowed for a more holistic
approach to understanding why women become empowered to choose engineering. These
data allowed for rich and vivid descriptions of students attitudes nested in a real context.
This approach was the best method for investigating this new framework to understand
students’ engineering choices at a explanatory level. The design also allowed for an increased
resolution in the lens used to examine CEA from a broad quantitative approach to a single
focused case study.
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3.3 Overview of Analysis Techniques
Quantitative Analysis
Four main statistical techniques were used to analyze the quantitative data: multiple
regression, exploratory factor analysis, confirmatory factor analysis, and structural equation
modeling. All analyses for this dissertation were conducted in R [75].
Regression is a statistical tool that allows the prediction of an outcome variable
of interest from one or more other variables. This statistical technique allows variables
that are statistically correlated with an outcome of interest (e.g. engineering choice) to be
determined, and the amount of variance explained in the outcome to be ascertained.
Factor Analysis is a collection of methods used to examine how underlying constructs
influence the responses on a number of measured items. A factor analysis is conducted by
examining the pattern of correlations (or covariances) between the observed measures. Mea-
sures that are highly correlated (either positively or negatively) are likely influenced by the
same underlying factors, while measures that are relatively uncorrelated are likely influenced
by different factors. There are two primary types of factor analysis: (1) exploratory fac-
tor analysis (EFA) and (2) confirmatory factor analysis (CFA). Exploratory factor analysis
tries to get at the nature of constructs (factors) influencing a set of responses or observed
measures, whereas confirmatory factor analysis tests whether a specified set of constructs
(factors) is influencing responses (or observed measures) in a predicted way. Typically a
CFA is conducted after EFA to confirm the predicted relationships [78].
Structural equation modeling (SEM) is a method of analysis that tests and estimates
causal relationships using a combination of factor analysis, regression, and path analysis.
This technique was developed in response to the need for a method to look at the more
complex nature of social science research and was the result of work conducted by Karl
Joreskog, Ward Keesling, and David Wiley in the early 1970s. SEM addresses questions
such as: “to what extent are observed variables actually measuring the hypothesized latent
variables?” (p. 201) [79]. Typically, SEM is conducted with confirmatory factor analysis
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(CFA) because a theorized model is needed to specify the pathways for the analysis.
Qualitative Analysis
A directed qualitative content analysis method will be used to draw meaning from
the qualitative data. Originally, this method was developed within communication science
to reduce large amounts of qualitative data to easily reportable quantitative data and an
orderly way. In the 1980s the approach of qualitative content analysis was developed [80].
This approach has been defined as “an approach of empirical, methodological controlled
analysis of texts within their context of communication, following content analytical rules
and step by step models, without rash quantification” [81].
The analysis is guided by specific methodological steps [82]:
1. Prepare the data – The choice of the content must be justified by the research ques-
tions [83].
2. Defining the unit of analysis – The unit of analysis refers to the basic unit of text to be
classified during content analysis. For Study 1, each open-ended survey was one unit.
For Study 2, each of the three time points of the longitudinal interviews conducted
was a unit of analysis.
3. Develop categories and a coding scheme – This analysis is directed. In this approach,
researchers use existing theory or prior research to develop the initial coding scheme
prior to beginning to analyze the data. As analysis proceeds, additional codes are
developed, and the initial coding scheme is revised and refined. Researchers employing
a directed approach can efficiently extend or refine existing theory [84].
4. Test coding scheme on a sample of text – This step involves validating the coding
scheme through a detailed code book and conducting inter-rater reliability testing to
ensure codes are consistent and reproducible.
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5. Code text – The actual coding process uses a constant comparative method (described
below). This method is used to prevent “drifting into an idiosyncratic sense of what
the codes mean” [85].
6. Assess coding consistency – This step ensures reliability that the entire unit of analysis
was coded consistently. Additionally, code meanings may have changed subtly over
time and this step works to ameliorate inconsistent coding [86]
7. Draw conclusions from the data – This is the point at which the researcher makes
sense of the themes or categories identified, and their properties. Researchers make
inferences and present their reconstructions of meanings derived from the data.
8. Report methods and findings – For the study to be replicable, it is necessary to monitor
and report the analytical procedures and processes as completely and truthfully as
possible [83].
These steps were used to understand the experiences of women in engineering and
expand the theoretical framework of CEA. In reporting these findings, a richer description
of this method will be given as it applies to Studies 1 and 2 in Chapter 7.
In coding the data from qualitative data sources, a constant comparative method
was used. This method describes the process of moving between the data collection and
the data analysis to inform additional data collection. This method also involves finding
similarities betweens statements and incidences in the same and different interviews and
observations [86]. Open coding for the open-ended survey responses and interview data
was used to divide the data into categories and coding segments that reflect specific themes
that I was focused on (affective states, choice of college major/career, self-perceptions, etc.).
After these data were categorized they will be scrutinized for properties that characterize
the category. This process reduced the data to a small number of themes that reflect the
underlying phenomena under investigation. Next, axial coding was conducted to find the
connections between sub-categories. This part of the data analysis focused on conditions,
context, strategies students’ use, and consequences of those strategies with respect to the
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categories and sub-categories defined in open coding. Finally, selective coding was con-
ducted to develop a story that describes the phenomena being studied (the relationship
between student affect, self-perception, and choice of college major). From this final story
the theory can be enriched, validated, or created. During this process, memo writing and
diagramming was an important reflective step to elaborate categories and take a step back
from the detailed coding scheme going on at the transcript level and organize the categories
being developed and detailed during the coding process [86]. The software that was used
to perform this coding process for both studies was RQDA [75,87].
The data collected from students identified from the SaGE survey comprised open-
ended survey responses. This qualitative data allowed for a triangulation of the data col-
lected from the SaGE surveys in students’ first year of college. The open-ended surveys,
administered one to two years after the initial SaGE survey, focused on the experiences and
connections that caused increased agency and empowerment by impacting students’ view of
themselves, their level of engagement, and their empowerment to pursue engineering. This
method captured student experiences in rich detail and helped develop an understanding
that can inform high school teachers, college faculty and staff, and the larger education
community about how females can be empowered towards engineering. The data from this
phase were not only used to help explain connections seen in the quantitative data but also
to further refine the model created.
The case study student from the SaGE high school observations also was asked
similar questions to the ones asked of the larger sample of students, but personal contact
with this student allowed for probing to better understand questions and the ability to
follow-up with additional research questions as needed. Also, student responses to the
open-ended surveys in Study 1 informed possible questions to include in Study 2 interview
protocol. Interviewing this study participant by phone with a semi-structured protocol
allowed for probing responses to questions asked and researcher-generated questions as the
discourse of the interview emerged. Critical events changing her CEA were documented and
understood. Multiple interviews and discussions about her career intentions and attitudes
37
about engineering through her first-year enlightened the proposed research questions. This
student was interviewed about her engineering interest, identity, and agency beliefs while
in her senior year of high school (Spring 2013). Earlier interview responses were compared
to the proposed interviews to give a longer longitudinal understanding of her attitudes and
interests. Telling the story of how one student navigates the first-year of the transition
to engineering from intentions in high school to actual college practice is a powerful tool
in understanding how students change over time and develop the engineering identities
traditionally studied in college. This approach gives rich detail about how CEA affects
students choices and actions over a period of time. A possible finding of this data was
be actual agency that resulted in specific actions from her agency beliefs and choice of





This portion of research examines the identity and agency constructs and to build a
regression model of choice of engineering as a major or career. The constructs hypothesized
to measure Critical Engineering Agency (CEA) of performance/competence, recognition,
interest, and agency were tested for construct validity before utilizing them in subsequent
analyses. This chapter discussed the method ensuring that the items used to measure these
constructs captured students’ self-beliefs.
Methods
First, an exploratory factor analysis was conducted to examine how well the items
on the SaGE survey related to mathematics identity, physics identity, and general science
identity loaded on the theorized sub-constructs. If the resulting factors aligned with the
framework, then the data also support the construct validity of the sub-constructs in the
framework of identity (interest, recognition, performance/competence). For physics identity,
nine items loaded onto the three constructs as theorized. Ten factors were included in the
analysis of mathematics identity and loaded onto the three identity factors. For general
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science identity, a total of twelve factors were used, but only two factors were assessed:
interest and performance/competence. A promax (non-orthogonal) rotation was employed
in each case since the theory naturally permits inter-correlation between the sub-constructs
(i.e. the factors were not expected to be orthogonal). Next, another exploratory factor
analysis was conducted to examine how well the questions theorized to measure agency
and being critical loaded together. From the survey, twelve items loaded onto two separate
agency factors (described below). Finally, the constructs of physics, mathematics, and
science identity along with the two agency factors were regressed on the choice of engineering
as a career (i.e. engineering career choice was set as an interval/ratio variable in a linear
regression model), while controlling for the level of parents’ education (a socioeconomic
indicator) and gender. The constructs for each of the different types of identity were created
by averaging each of the sub-constructs measured by the factors in the exploratory factor
analyses discussed previously. The choice of engineering was determined by utilizing a
question that asked students to “Please rate the current likelihood of your choosing a career
in the following:” for a variety of science, math, and engineering careers on a anchored scaled
items. A student’s strongest response to any of the several engineering disciplines was used
as a proxy for a student’s interest in pursuing a career in engineering. This method was
used in order to capture students interested in engineering in general (but undecided on a
discipline) as well as students with a very well-specified interest in one or two engineering
disciplines.
Results
The 9 items for physics identity aligned on the theorized sub-constructs with com-
petence and performance items loading together. Thus, performance and competence were
combined under Factor 1. Factor loadings ranged from 0.546 to 0.943 indicating that, to
a great extent, items accurately captured the same construct. The mean loading for the
factors were as follows: 0.763 for performance/competence, 0.820 for recognition, and 0.686
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for interest. For all exploratory factor analyses conducted, the cut off for factor loadings
was set at 0.4 [88]. Any factors loading at values less than 0.4 are not a reliable measures
for the sub-construct and were not included in this analysis.










Q27 Phys b: my par-
ents/relatives/friends
see me as a physics
person
0.743 0.237
Q27 Phys c: my
physics teacher sees
me as a physics person
0.898 0.128
Q27Phys d: I am in-
terested in learning
more about this sub-
ject
0.825 0.149
Q27Phys f: I am confi-
dent that I can under-
stand this subject out-
side of class
0.628 0.234
Q27Phys g: I enjoy
learning the subject
0.546 0.187
Q27Phys h: I can do
well on exams in this
subject
0.943 0.147
Q27Phys i: I under-
stand concepts I have
studied in this subject
0.901 0.126
Q27Phys j: others ask
me for help in this sub-
ject
0.602 0.334
The 10 items for mathematics identity also aligned on the theorized sub-constructs
with competence and performance items loading together. Thus, performance and com-
petence were combined under Factor 1. Factor loadings ranged from 0.486 to 0.979. The
mean loading for the factors were as follows: 0.812 for performance/competence, 0.863 for
recognition, and 0.732 for interest.
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Q27Math b: my par-
ents/relatives/friends





me as a math person
0.823 0.169
Q27Math d: I am
interested in learning
more about this sub-
ject
0.979 0.005
Q27Math e: I am con-
fident that I can under-
stand this subject in
class
0.829 0.176
Q27Math f: I am con-
fident that I can under-
stand this subject out-
side of class
0.756 0.219
Q27Math g: I enjoy
learning the subject
0.486 0.254
Q27Math h: I can do
well on exams in this
subject
0.932 0.166
Q27Math i: I under-
stand concepts I have
studied in this subject
0.948 0.148
Q27Math j: others ask
me for help in this sub-
ject
0.637 0.312





The 12 items for general science identity aligned on the theorized sub-constructs with
competence and performance items again loading under the same factor. Factor loadings
ranged from 0.660 to 0.904. The items theorized to measure general science recognition did
not hold together in the factor analysis and were subsequently removed from the analysis.
The mean loading for the factors were as follows: 0.791 for performance/competence and
0.795 for interest.
The 9 items for agency and being critical did not align as expected on the theorized
sub-constructs. Namely, the theorized construct of being critical did not load separately
from the questions constructed to measure agency. Instead, the questions loaded as ques-
tions that related directly to students’ lives and included first-person personal and possessive
pronouns, such as “I,”“me,” and “my.” The other factor included questions about how stu-
dents viewed the ability of science to change the world. Factor loadings ranged from 0.543
to 0.957 indicating that, to a great extent, items accurately captured the same construct.
The mean loading for personal agency was 0.831, and the mean loading for global agency
was 0.738. It is important to note that the global agency construct identified here is a
true agency measure because all of the students in this analysis have already indicated they
intend on a STEM career. If this were not the case, the view of science’s potential to affect
the world may not be agential in character. Students’ beliefs about science’s impact on
their lives coupled with a choice of STEM implies that these students see STEM as a way
to accomplish change in their world, and, therefore, hold agential beliefs about science in a
personal and/or global sense.
After the questions for each identity sub-construct were verified, the composite
constructs of math identity, physics identity, and general science identity were created by
averaging the sub-constructs for a single overall measure. Additionally, the questions for
personal agency and global agency were averaged into two overall constructs for agency.
These three identity constructs and two agency constructs were regressed on the choice of
engineering and the choice of science in college. Gender, father’s education, and mother’s
education were used as controls in the regression. Both parent’s education was used as a
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Q25b: interest in under-
standing science in every-
day life
0.835 0.283
Q25c: interest in explain-
ing things with facts
0.691 0.513
Q25d: interest in telling
others about science con-
cepts
0.904 0.21
Q25e: interest in making
scientific observations
0.864 0.223
Q26a: confidence to design
an experiment to answer a
scientific question
0.791 0.336
Q26b: confidence to con-
duct an experiment on your
own
0.850 0.325
Q26c: confidence to inter-
pret experimental results
0.896 0.232
Q26d: confidence to write a
lab report/scientific paper
0.869 0.336
Q26e: confidence to apply
science knowledge to an as-
signment or test
0.822 0.259
Q26f: confidence to explain
a science topic to someone
else
0.721 0.284
Q26g: confidence to get
good grades in science
0.615 0.555
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will improve my career
prospects
0.795 0.335
Q29b: science is helpful in
my everyday life
0.933 0.196
Q29c: science has helped
me see opportunities for
positive change
0.957 0.149
Q29d: science has taught
me how to take care of my
health
0.721 0.35
Q29e: leaning science has
made me more critical in
general
0.749 0.337
Q29f: science and technolo-
gies will provide greater op-
portunities for future gen-
erations
0.543 0.422
Q29j: a country needs sci-
ence and technology to be-
come developed
0.738 0.471
Q29m: science and technol-
ogy make our lives health-
ier, easier and more com-
fortable
0.899 0.265





proxy for socioeconomic status, which has been found previously to be a strong predictor
of SES [47]. Results from the regression model predicting the choice of engineering as a
career, appear in Table 4.5. The results for the regression model predicting a choice of
science as a career (physicist, chemist, biologist, environmental scientist, etc.) are included
in Table 4.6. These regression models show that the constructs used in this analysis are
strongly predictive of the choice of engineering or science, with a few notable differences.
For students who choose engineering, the estimate for male parental guardian’s education
level is a significant negative predictor for the choice of engineering (p<0.01).
Previous literature has shown that the socioeconomic status of students who choose
engineering is lower than students who choose science [47]. Thus, the difference seen on
this factor between science and engineering students is not surprising. Female parental
guardian education level is non-significant for both engineers and scientists. Being female
is a negative predictor for choice of engineering (p<0.001) and a positive predictor for
choice of a science career (p<0.001). This difference is seen in the gender control variable
because engineering is an underrepresented field while science has reached parity in gender
representation as a whole [89]. One major difference seen between engineering and science
students is a strong connection between mathematics identity (p<0.001) and engineering
career choice, which is non-significant for a science career choice. Science students and
engineering students both show strong personal agency in their views of science’s ability
to affect their immediate world (p<0.001). However, there is a marked difference in the
way that science and engineering students view science’s ability to affect the larger world,
or what we have termed global agency. The global agency factor is a significant negative
predictor for science students (p<0.001) but is non-significant for engineering students.
Discussion
The regression models show that there are differences in science and engineering
students on a few factors. Math, physics, and science identities along with strong beliefs
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Gender (0-male; 1-female) -0.703 0.052 -0.237 ***
Father’s Education -0.076 0.025 -0.0641 **
Mother’s Education -0.004 0.027 -0.0033 n/s
Math Identity 0.152 0.023 0.1285 ***
Physics Identity 0.259 0.027 0.2085 ***
Science Identity 0.33 0.056 0.1476 ***
Personal Agency 0.139 0.036 0.1022 ***
Global Agency -0.056 0.035 -0.03495 n/s
§The level of statistical significance is coded in the final column: n/s represents a non-significant result,
* represents a statistical significance less than 0.05 but greater than or equal to 0.01, ** represents a
statistical significance less than 0.01 but greater than or equal to 0.001, and *** represents a statistical
significance less than 0.001.
about science’s role in their personal lives (personal agency) contribute significantly to a
choice of engineering. These attitudes explain a large portion of the variance in the choice
of engineering (0.295). While these constructs can account for some of the reasons students
choose engineering, other factors like career expectations and other agential pieces about
engineering may explain a larger portion. Future work should be conducted to understand
more of these influencing factors on the choice of engineering in building a model of engi-
neering career choice for high school students. Similarly, students who chose science majors
in college had significantly positive physics and general science identities along with per-
sonal agency, but the construct of global agency was actually a negative predictor for the
choice of science in college. One possible reason for this difference in global agency is that
students perceive differences in the Communities of Practice of scientists and engineers.
Scientists may solve problems similarly to engineers, but their goal is usually to explain,
model or understand how the world works around them. Engineers, on the other hand, may
solve problems with a pragmatic picture in mind. Their perceived value of discovery and
information is encoded in the systems they build rather than in scientific laws or facts [90].
Engineering students frequently solve large systems with the “big picture” in mind. Many
young students in science deal with small-scale, detailed experiments and may not be able
to translate their findings into a solution with far-reaching implications. Or, these science
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Gender (0-male; 1-female) 0.271 0.049 0.092 ***
Father’s Education -0.029 0.024 -0.0248 n/s
Mother’s Education -0.004 0.026 -0.00303 n/s
Math Identity 0.02 0.022 0.01756 n/s
Physics Identity 0.151 0.026 0.12359 ***
Science Identity 0.624 0.053 0.28317 ***
Personal Agency 0.43 0.034717 0.32101 ***
Global Agency -0.143 0.03367 -0.0905 ***
§The level of statistical significance is coded in the final column: n/s represents a non-significant result,
* represents a statistical significance less than 0.05 but greater than or equal to 0.01, ** represents a
statistical significance less than 0.01 but greater than or equal to 0.001, and *** represents a statistical
significance less than 0.001.
students may be more skeptical of what science can do for the world than their engineering
peers. These ideas may explain our measurement that engineering students have a high
degree of personal agency and higher global agency than science students while science
students only exhibit a strong personal agency.
Math and physics identity constructs have been used to predict the choice of a math
or physics career [42, 43]. When these constructs were applied to engineering, the physics
construct seemed too restrictive to predict an engineering career for a variety of engineering
disciplines. Engineering students may not all have a strong physics identity; for example,
students in engineering disciplines that involve chemistry and biological processes may not
necessarily have a strong affinity towards physics. With this hypothesis in mind, general
science identity factors were also measured with the same theoretical foundation as the
published math and science identities. While the recognition sub-construct was not well
measured by the questions in the SaGE survey, the interest and performance/competency
pieces were captured, and this construct was included in the regression models to model
interest in science besides physics.
These results are a step toward understanding why students may choose engineering
over science. Students who choose a career in engineering may base their decision on their
ability in math and science along with other factors. The framework of critical engineering
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agency may provide a way to understand why students choose engineering specifically. As
a first step toward quantitatively measuring and validating this framework, the identity
and agency constructs were built using exploratory factor analysis. This analysis showed
that several items appropriately measure the three factors for mathematics and physics
identity as theorized. Additionally, this process allowed for the identification and removal
of items that did not accurately measure these sub-constructs. When general science identity
construct was included, the questions theorized to measure recognition did not load into
a single factor and were removed from the analysis. Future work to validate this newer
measure will include developing items that measure students’ perceptions of recognition in
science generally.
Conclusion
In the analyses reported in this chapter, constructs have been developed for measur-
ing CEA quantitatively. Some aspects of identity have been captured by math and science
factors (physics as well as general science). The aspects of being a critic and having agency
did not load on two separate factors as expected. Instead, the questions grouped differently
into two factors based on the immediacy of the perceived influence of science in students’
lives. These two new factors were termed personal and global agency based on the observed
differentiation of the factors. Through this analysis it was found that engineering students
have a strong personal agency and that global agency has no significant relationship on
the choice of engineering. Conversely, having a strong global agency was a negative pre-
dictor for a science career. Since many students who choose science have strong science
identities and strong math skills (as engineering students do as well), this factor may be
used to differentiate between students who choose science and engineering careers. This
finding has implications for recruitment, retention, and pedagogy for engineering students.
If the previously uninformed and possibly irrational decision of an engineering career can
be understood through these constructs, more students can be identified, encouraged, and
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developed to become engineers. This work reaffirms the importance of experiences and atti-
tudes towards mathematics and science to future engineering students but it also illustrates
the differences in students beliefs about the impact of these subjects on their future career
choices. Furthermore, this examination revealed that the differences between students who
choose engineering over science are significant for some of the factors considered in this
chapter, particularly math identity and global agency.
Providing some validation of these constructs is a first step in building a predictive
model for the choice of engineering. Understanding why students choose engineering in
particular, out of the spectrum of STEM disciplines, can assist in identifying students who
would not normally choose engineering for recruitment and developing pedagogy to retain
these students in engineering. Both of these scenarios are an opportunity to increase the
number of engineers and engineering solutions for the future.
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Chapter 5
Using Validated Constructs to
Build Structural Equation Model
With the validated constructs described in Chapter 4, structural equation modeling
(SEM) was used to understand the relationships between the latent variables. This method
allows for confirmatory testing of a theory. The expansion of Critical Science Agency to
engineering can be understood and described through estimating the direction and size of
paths between latent constructs and the outcome variable of engineering choice.
Introduction
Engineering choice has been explored in other frameworks including, notably, social
cognitive career theory (SCCT). However, SCCT does not include other affective states that
may be important to understanding students’ choices. This theoretical framework has been
evaluated using SEM for the choice of engineering on a medium scale (n=338) [70]. In this
analysis, contextual supports and barriers are linked to persistence in engineering (not the
choice of engineering) indirectly through self-efficacy. This finding is counter to SCCT and
more consistent with Bandura’s broader, original work on social cognitive theory. While
this study does illustrate some of the same connections posited in the analysis of the current
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work (performance/competence linked to interest, for example), it does not have the same
scope and goals. The path from students’ goals to the outcome measurement, persistence,
accounted for 28% of the variance in persistence which is a large portion for which one con-
struct to account. However, this study was conducted with a small sample of students from
one institution with strong math abilities. These students also reported favorable environ-
mental conditions with strong contextual supports and few reported barriers. Finally, the
sample was 80% male and 63% European American descent. For these reasons, the study
could not make causal links between the variables studied and engineering persistence.
A recent paper has investigated students’ choice of a STEM career also utilizing
the methodology of SEM [91]. Drawing upon social cognitive career theory [6], this paper
examined the effects of intentions to major in STEM, high school math achievement, and
initial post-secondary experiences over a period of four years starting in the 10th grade
running until two years into college (2002-2006). The largest impacts on STEM major
intentions were found to be from: 12th-grade math achievement, exposure to math and
science courses, and math and science self-efficacy beliefs. The study found no differences
for men and women, but did identify differential effects for majority students and under-
represented minority students. These previous findings on students choice give a strong
incentive to continue to understand how and why students choose engineering. Developing
this understanding will allow for the development of students desire to choose engineering
which in turn, can create a more diverse engineering field and more creative engineering
solutions. There is a documented need to recruit and retain more engineering students in
the future.
Guided by the Critical Engineering Agency (CEA) theoretical framework and mo-
tivated by the continued lack of gender diversity in the college engineering population, this
study examines the direct and indirect influences of students’ self-beliefs in multiple identity
domains and their agency beliefs on their college engineering intentions utilizing structural
equation modeling (SEM). This study addresses the first four research questions of this
dissertation through quantitative methods.
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Research Question 1 : What are the relationships among students’ identities in high
school that predict the choice of engineering?
Research Question 2 : How do students’ beliefs about how science and technology
can impact the world predict a choice of engineering?
Research Question 3 : Are these beliefs (identity and agency) different for men and
women?
Research Question 4 : How well does Critical Engineering Agency as an explanatory
framework describe students’ choice of engineering?
Methods
Data Source and Measurements
The data for this study are drawn from the nationally representative SaGE survey.
One question central to the current analysis asked students to “Please rate the current
likelihood of your choosing a career in the following.” The various career options were
“Mathematics,”“Science/math teacher,” “Environmental science,” “Biology,” “Chemistry,”
“Physics,” “Bioengineering,” “Chemical engineering,” “Materials engineering,” “Civil en-
gineering,” “Industrial/systems engineering,” “Mechanical engineering,” “Environmental
engineering,” and “Electrical/computer engineering.” Students were asked to rate the like-
lihood of choosing a career in each discipline on an anchored scale from 0 (“not at all likely”)
to 4 (“extremely likely”). In the current analysis, students’ choice of engineering was the
strongest response to any of the eight engineering responses . This method was chosen to
include students interested in engineering generally (but as-yet undecided on a particular




To conduct this analysis a two-part approach was undertaken. First, a “measure-
ment model” was examined utilizing confirmatory factor analyses to assess how well the
indicators items measured the hypothesized latent variables. If the measurement model
was deemed acceptable, then the structural and measurement parts of the model were es-
timated simultaneously. Seven latent constructs related to the various components of CEA
were measured: the three sub-constructs of identity (performance/competence beliefs, in-
terest, and recognition beliefs) for each of physics and mathematics, and agency beliefs.
During this step, the fit indices of the measurement model were assessed and convergent
validity was checked by examining the factor loadings.
Structural Equation Modeling
Next, the proposed model was tested using structural equation modeling (SEM).
Figure 5.1 shows the proposed model constructed from the CEA framework. From previ-
ous work on modeling CEA [35], the constructs of physics and math identity were built to
include mediating paths from performance/competence to identity via interest and recog-
nition. Items that asked students the degree to which they identify as a “physics person”
or a “math person” were used as an overall measure of identity [42]. These identities, along
with agency beliefs, taken from the “personal agency” beliefs from Chapter 4, were hy-
pothesized to predict the choice of engineering as a major/career. Previous work modeling
engineering choice using an identity framework showed no significant relationship between
general science identity and engineering choice [35]; therefore, this construct was eliminated
from this analysis. The student beliefs model represented in Figure 5.1 was tested using the
lavaan package in R [75, 92] with a subset of the SaGE data input as a correlation matrix.
As is common with survey research of this nature, some of the variables included in the
study had missing data. To moderate the potential biasing effects of this, the data were
imputed for missingness using a full information maximum likelihood method for the model-
dependent variables which is considered best practice for this methodology [79, 88, 93, 94].
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This technique utilizes all of the data in the analysis. It has been shown to produce unbi-
ased parameter estimates and standard errors under MAR and MCAR data. The process
works by estimating a likelihood function for each individual based on the variables that
are present so that all the available data are used.
Additionally, the variance of each latent variable was fixed to one. A Satorra-Bentler
estimation method [95] was used to account for any non-normality in the data. This method
rescales the value of the full information maximum likelihood chi-square test statistic by
an amount that reflects the degree of kurtosis. Several simulation studies have shown that
this correction is effective with non-normal data [96,97], even in small to moderate samples.
Thus, it is appropriate to use traditional cutoff values when using this estimation method.
The model was trimmed of non-significant paths and for parsimony following Byrne [93].
This structure simultaneously estimates thirteen regression equations and one covariance
between physics identity and math identity. Several fit indices and path significance tests
were used the evaluate the model based on Byrne’s suggestions [93], including chi-square,
Comparative Fit Index (CFI), Non-Normed Fit Index (NNFI), and root mean square error
of approximation (RMSEA).
The proposed model (Figure 5.1) includes mediated paths for the construction of
physics and math identities. Maxwell and Cole argued that mediation in models can result
in biased estimates due to the lack of time-responsive data [98]. However, the use of me-
diated models in cross-sectional studies is acceptable if the bias can be determined to be
non-significant and the directional influences of the latent variables are essentially instanta-
neous. In a study of the effects of mathematics self-efficacy on performance on mathematics
tests, Pajares and Miller argued that the effects of interest and self-efficacy were essentially
instantaneous on the outcome and the variables should be measured as closely together as
possible [99]. In this study, the same variables of interest and performance/competence are
used along with students’ perceptions of recognition. These quasi-traits measured do not
change over the time period of interest [100], and can therefore be interpreted in a mediated
model. This argument is upheld by the discussion that as students move further along in
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their education, their identities become more and more established with each additional
interaction with STEM-related subjects. At the macro time level when students are asked
to think reflexively, these identities are relatively stable rather than moment to moment
instances [101]. Only significant changes or experiences can dramatically shift students’
identities. In this study, college freshmen are asked about their self-beliefs in traditional
subjects like math and science, which have been practiced over numerous years of formal
education. Their identities are stable, or in equilibrium, unless a perturbation occurs and
offsets the balance between interest, performance/competence, and interest. These pertur-
bations cause identity renegotiation and new identity development. We controlled for these
perturbations in the sampling of students at the beginning of their freshman year in college
before they had new STEM experiences. Additionally, the magnitude of bias for mediated
models can be estimated based on the stability coefficients of the latent variables [98]. The
bias for stable variables within a time of interest is negligible if the stability coefficients
are similar. In this case, the equilibrium between the identity variables results in stable
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Figure 5.1: Diagram of proposed structural model for the structural equation modeling analysis based on CEA theoretical
framework.
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Multiple Group Analysis: Testing for Model Invariance
After the full SEM model was evaluated for fit, the model was compared for females
and males to see if the proposed structure was equivalent across these groups. Model
invariance tests were conducted to determine significant differences in the measurement and
structural path parameters. Firstly, a baseline model was created for males and females
with all parameters freely estimated (see Figure 5.2). Next, a model was created with only
factorial equality constraints - the factor loadings between the male and female model were
constrained to be equal while the regression coefficients were freely estimated across the
groups. A measurement invariance test was conducted based on the chi-square difference
statistic when compared to the baseline model. This chi-squared difference, called a mod or
modification indice should be greater than 3.841 as indicated on a chi-square distribution
table with one degree of freedom. A non-significant test (mod indice <3.841) would indicate
that there was not a significant difference between the two groups and, therefore, invariance
across the two models. If non-invariance was indicated by a significant chi-square difference
test then the groups did differ significantly. Examination of the modification indice for
each variable revealed factor loadings that were different between groups and these loadings
were allowed to be freely estimated until the chi-square difference test indicated model
invariance. This process was repeated to test for structural invariance by then constraining
the regression coefficients to be equal across the models and testing for invariance with the
modified factoral equality constraint model.
Results
The CFA analyses included in Tables 5.1, 5.2, and 5.3 indicate that the measurement
model fits the data. Individual item reliability was evaluated with the square multiple corre-
lation (R2). Each correlation was above 0.5 indicating that construct reliability accounted
for over 50% of the variance in each measured item in reference to the other observed
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items [94]. Construct reliability1, also known as composite reliability, for the various latent
constructs ranged from 0.881 to 0.941. This reliability gives a better estimate of the overall
reliability of an item taking into account the individual reliabilities as well as standard er-
rors. Values greater than 0.70 are acceptable [102]. Though the squared multiple correlation
(R2) indicates the reliability of a single measure and the construct reliability the reliability
of the construct as a whole, neither one measures the amount of variance that is captured
by the construct in relation to the amount of variance due to measurement error [103]. The
average variance extracted2 (AVE) provides this information and was calculated for each
latent variable ranging from 0.717 to 0.825. The average variance extracted is the amount
of variance that is captured by the latent variable in relation to the amount of variance due
to its measurement error. In different terms, is a measure of the error-free variance of a
set of items measuring a single construct. Average variance extracted is used as measure
of convergent validity, which should be 0.50 or above [104]. These results demonstrate that
the items hypothesized to measure a single construct do, in fact, measure the intended con-
struct and capture a strong majority of the variance within each block of items. Convergent
validity establishes that measures that should be related are in reality related. This type
of validity was determined by examining the factor loadings in the model, since all of these
values were greater than 0.70 the criteria for convergent validity were met. Discriminant
validity establishes that measures for one latent variable are not overly rated to another
latent variable and was established through multiple methods. First, the AVE should be
greater than squared multiple correlation between latent variables which was established in
Tables 5.1, 5.2, and 5.3 [94]. Additionally, the correlation between items of unrelated latent
variables is less than 0.85 (Appendix C) [93].
1Construct Reliability = (sum of standardized loading)2/[(sum of standardized loading)2 + sum of in-
dicator measurement error], where the measurement error of each indicator is 1 minus the square of the
indicator’s standardized loading.
2Average Variance Extracted = (sum of standardized loading)2/(sum of squared standardized loading +
sum of indicator measurement error), where the measurement error of each indicator is 1 minus the square
of the indicator’s standardized loading.
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Table 5.1: Confirmatory Factor Analysis Estimates for Physics Identity. To summarize acceptable values: Item reliability (R2)








































Q27Phys f: Confidence in
understanding physics
0.877 0.014 0.769






Q27Phys j: Others ask me
for help in this subject
0.787 0.012 0.619




Table 5.2: Confirmatory Factor Analysis Estimates for Math Identity. To summarize acceptable values: Item reliability (R2)








































Q27Math f: Confidence in
understanding math
0.875 0.011 0.766






Q27Math j: Others ask me
for help in this subject
0.814 0.011 0.663




Table 5.3: Confirmatory Factor Analysis Estimates for Agency Beliefs. To summarize acceptable values: Item reliability (R2)






















Q29b: Science is helpful in
my everyday life
0.895 0.011 0.801
Q29c: Science has helped
me see opportunities for
positive change
0.920 0.010 0.846
Q29d: Science has taught
me to take care of my
health
0.794 0.012 0.630
Q29e: Learning science has
made me more critical
0.804 0.012 0.646
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The proposed SEM model was then fit for the entire imputed sample in Figure
5.2. There were 1,288 patterns of missingness found and imputed, and cases in which
were MNAR were deleted, for a final sample size of 6,511 from the original 6772. The
chi-square statistic for this model is 10,062 and is significant. Due to the large sample size,
the chi-square statistic is artificially inflated and the chi-square statistic is expected to be
significant without indicating a poorly fitting model [79]. The degrees of freedom reported
are 331. The RMSEA indicates a reasonable fit of the model with the observed data with
a value of 0.065 (90% confidence interval ± 0.001). Values less than 0.01, 0.05, and 0.08
indicate excellent, good, and moderate fit respectively [105]. Additionally, the RMSEA is
largely invariant with increasing sample size, unlike the chi-square test. For sample sizes of
500 or greater, the RMSEA is sensitive to increasing misfit. Thus it is appropriate to use
this supplementary fit statistic in the presence of large sample sizes, to inform if sample
size is inflating the chi-square statistic, and hence its significance [106]. The CFI also
suggested good fit with a value of 0.947 (acceptable values occur above 0.9 [107]). Finally,
an NNFI of 0.939 indicates acceptable fit (in accordance with standard of values greater
than 0.9 [107]) and can be influenced by larger sample sizes since it is calculated from the
chi-square statistic. Research Questions 1 and 2 can be answered from this model. This
model shows how identity in both physics and math as well as students’ beliefs about what























































































































Figure 5.2: Results of final structural equation model for all students. All paths are significant at the p<0.001 level.
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To answer Research Question 3, this model was compared for students who identified
themselves as either male or female in the SaGE survey. The model invariance tests revealed
a few paths that were different between males and females. Both a chi-square difference
test and a delta CFI test were conducted to determine model invariance. Cutoffs of 0.01
were used for the delta CFI tests [108]. The parameter estimates have been added in Figure
5.3 for the final trimmed model with differences in freely estimated paths highlighted. The
loadings for students’ responses to Q27Math n: “I can overcome setbacks in math” (M=
0.771; F=0.681) were freely estimated while the remaining loadings were constrained to be
equal in the measurement model. Additionally, the regression estimates for the paths from
physics identity, math identity, and agency beliefs were estimated freely while the rest of
the structural model paths were constrained equal. The fit parameters for this model were:
a chi-square of 4,389 on 705 degrees of freedom, RMSEA of 0.061 (90% confidence interval
0.059 to 0.063), CFI of 0.954, an NNFI of 0.950, all indicating good fit for the gender
comparison model. The total variance explained in the linear engineering choice outcome
was 20.2% for the model pictured in Figure 5.2. This result answers Research Question 4

































































































































The results highlight how certain student self-beliefs are important for understand-
ing the choice of engineering as a college major. Engineering identity, a somewhat unclear
construct at the juncture of high school and college when students often declare a major of
study but before many students have had the opportunity to gain any engineering-related
experiences, has been shown to be related to multiple subject-related identities; specifically,
physics and math identity. As first identified in previous work [35], a significant, nega-
tive direct path from performance/competence to identity was confirmed for both physics
and math identities. This indicates that even though performance/competence beliefs are
related to the development of an identity in these domains, without interest and recog-
nition as mediating factors, identity development may be substantially hindered. Boaler
and Greeno [109, 110] make a similar point about math learners. They argue that the
ability to do the math alone is not enough to support strong mathematical identities for
students; rather, mathematical identities are tied to understanding and engaging authentic
involvement in mathematics and seeing oneself as an effective mathematics learner in the
classroom. Thus, if a person feels competent and able to perform in physics or math, both
considered difficult topics, but s/he is never recognized or does not develop some interest
in the subject, the likelihood of their developing a physics or math identity is depressed.
This is an important finding since self-efficacy beliefs, somewhat conceptually similar to
performance/competence beliefs in our framing, is often cited as a key factor in persis-
tence [111, 112] without a deeper examination of the ways in which self-efficacy beliefs are
related to other important self-beliefs, including identity. Although more nuanced exami-
nations, such as work related to SCCT, identify the moderating effect that interest plays
between self-efficacy and goals (and, subsequently, persistence) [70], these studies may not
highlight the important role of an individual’s beliefs in the recognition they receive from
others. In our model, physics and math recognition beliefs each have the largest direct
effect on physics and math identity, respectively, and we have seen, therefore, that they
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are critically important for engineering choice. Although the importance of recognition
has been cited in many studies of identity [61, 113], our work confirms its importance in a
large scale data set. Furthermore, our work clarifies that performance/competence beliefs
are not sufficient to guarantee identity development. In support of this finding, Marra et
al. found that female engineering students had positive shifts in self-efficacy beliefs while
simultaneously having negative shifts in their feelings of inclusion [111].
In addition, gender differences in physics and math identity were found between
women and men. Women had lower estimates for the correlation between seeing themselves
as a “physics person” and a “math person” and their choice of engineering. While the
estimates for both men and women were positive, seeing themselves as the “type of people”
who do physics or math was less important for the choice of engineering for women than
for men. This difference may be due to the fact that women identify less with the subjects
of math and physics due to lower recognition beliefs [114] and performance/competence
beliefs [67], both of which are important for women’s identity development [61, 70, 113].
Additionally, studies have shown that women lose interest in math and science early on
in their education [9]. This loss of interest may feed into depressed math and physics
identities and may lead to fewer women choosing engineering due to the emergent barrier
of relating their self-ascribed identity with an identity amenable to considering the pursuit
of physics, math, or engineering which is vital to students’ actual career choices [34] and
later persistence within that chosen career [4].
Agency beliefs, consistent with the theoretical framework of CEA, were also found
to be significant in this model. For both men and women, agency beliefs were a significant,
positive influence on engineering career choice. This influence was even stronger for women
than for men, with loadings of 0.236 and 0.205, respectively. Chinn’s study of female
students’ choice of engineering careers found that agency towards engineering was influ-
enced by powerful adults (such as teachers) and by curricular choices that did not alienate
women or minorities but rather incorporate content and strategies personally meaningful
to them [115]. The development of agency beliefs are apparently even more important for
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women to choose engineering than men. Holding empowering agency beliefs, coupled with
choosing an engineering-related career is an important first step towards actualizing the
potential to create change in the world. The development of agency allows students to act
against established social structures and cultural norms within engineering (as, for example,
a male dominated field) and without. It also allows them to take action and separate their
own actions from what is done to them [116].
However, what students experience (e.g. in a classroom setting) clearly impacts what
they intentionally choose for themselves (e.g. their choice of major). Teachers’ pedagogical
choices can impact students choices and behavior, especially if those pedagogical choices
empower students to shape what happens around them or at least to realize that they have
the ability to shape what happens in their world. Specific classroom practices including
student autonomy and the creation of figured worlds can impact students’ agency [32,
40, 117, 118]. A woman who develops agency towards engineering within a science course
is more likely to intentionally choose to pursue engineering, going against social norms
and structures, than otherwise. Thus, agency has a potential for individual and social
transformation [119]. Agency beliefs are an important consideration for men and, especially,
for women to understand the affective influences on the choice of engineering.
In the current study, the sample is large and representative of the national college
population (including 2- and 4-year institutions) with a typical college population gender
distribution (55% female). For student choice of engineering at the critical juncture between
high school and college, this model of self-beliefs explains 20.2% of the variance in choice
of engineering. A previous study did investigate students’ choice of a STEM career [91],
difference in career outcomes is important to highlight. While this previous study is some-
what informative on the question of the choice of engineering and is similar in its analytic
methodology to the current chapter, it does not directly address students’ major choice
in engineering. The path between STEM students and non-STEM students is much more
clearly defined in high school than differentiating between the many shades of STEM fields.
This study investigated the choice of an engineering career which is more nuanced than a
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STEM career. Students develop interest and desire to go into a STEM career much earlier
than choosing an engineering path [120,121]. Additionally, SCCT directly measures a com-
paratively narrow set of measures related to self-efficacy beliefs (task-performance). In CEA,
self-efficacy is embedded within students’ identity beliefs about their performance/compe-
tence. While these two constructs are linked conceptually, they are measured somewhat
differently and indicate somewhat different ideas about what a student believes s/he can
accomplish. Social cognitive career theory also includes direct measures of supports and bar-
riers in its framework. Critical Engineering Agency does not directly measure these ideas,
but relies more strictly on a set of self-beliefs, with the effects of supports and barriers that
are reflected in students’ reported self-beliefs. So while the paper on STEM persistence by
Wang [91] clearly contributes insight into how to model students’ STEM career choices, it
does not directly address the research questions studied in this work and does not explicitly
address important affective states that have been found to be important to the choice of
and persistence in particular STEM majors that are included in this work [42,45,118,122].
The theory of self-concept is also related to these ideas of self-efficacy and students
self-beliefs (identity), but is distinct in a few ways. Self-concept focuses on both affective and
cognitive factors for how students view themselves [123]. Additionally, self-concept focuses
on how student perceive themselves in relation to others and what others think about
them [124]. This study and the framework of CEA focuses solely on students’ affective
self-beliefs in describing engineering choice.
Implications for Practice
These findings are important for the improved recruitment and retention of a larger,
more diverse body of engineering students. Understanding the transition between high
school and college is important to address the “leaky STEM pipeline” [7]. As students
move through their academic careers from middle school to high school to college, the
fraction of students interested in STEM declines, disproportionately so for women, and the
pipeline for students choosing STEM careers becomes smaller and less diverse. While prior
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research has documented student persistence and attrition in engineering majors across
the college years [4],the choice of engineering as a major in, or at the end of, high school
is not well understood. The self-beliefs model utilizing CEA alone explains one fifth of
the variance students’ engineering career intentions. It is clear that there are many other
potentially predictive factors for engineering choice, including factors identified by SCCT
as supports and barriers, prior academic success, and aspects of future goals, to name some
prominent examples. These factors were not included in the current study because of the
overriding goal to test how the framework of CEA explains engineering choice. Additionally,
CEA as we have constructed and tested in this chapter is solely based on students’ self-
beliefs including identity and agency factors rather than factors external to an individual.
Students often cite a “lack of belonging” as a main reason that they leave engineering [125].
Understanding how students identify with engineering at the critical junction between high
school and college and how they believe that they can use their engineering degrees is
important to understanding the numerous recruitment and retention issues in engineering.
This research represents a validation of CEA as a framework to understand stu-
dents’ affective states in relation to engineering. Students’ engineering identity prior to
having significant engineering experiences in a community of practice has been found to be
comprised of multiple subject-related identities corresponding to students’ subject-related
experiences in high school. This finding is consistent with previous studies on the “types”
of students who choose engineering; specifically, students who excel in math and science
and show interest in these subjects [4, 35, 40, 122,126]. Additionally, recognition beliefs are
important for students’ identity development [61, 113]. For K-12 teachers and professors
who teach courses fundamental to engineering, like math and physics, understanding stu-
dent identity is important for persistence in engineering. Students who identify with these
engineering-related subjects will choose engineering early on at a higher rate than students
who do not. Identity is not simply students who are “good at” physics or math homework,
tests, or concepts. Identity is more strongly impacted by interest and students’ beliefs
that they are recognized as the type of person who does these subjects. These paths are
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consistent for both men and women. Any attempts to develop students identity in these
situations will be beneficial for both genders. The direct link between performance/com-
petence and interest is well documented [69, 127]. Students must develop the beliefs that
they can accomplish the goals and perform proficiently in a course before an interest in the
subject is developed. The link between performance/competence and recognition is more
nuanced. Performance/competence predicts students recognition, but students feeling rec-
ognized does not predict students’ performance/competence. Students who are recognized
before they feel competent may not internalize the recognition, and very often teachers do
not recognize students who are not excelling in their classrooms. Recognition is the most
important part of an identity development in this model. Students who feel recognized by
their peers, family, and teachers are more likely to identify as a “math person” or “physics
person,” and the estimates for these paths in Figure 5.2 are over twice as large as any other
direct path to identity. Instructors in engineering, physics, and math courses can positively
impact students engineering attitudes by recognizing their students as the kind of people
that can do STEM. Giving students the realization that they can hold a STEM related
identity can empower them to choose an engineering career.
Students’ agency beliefs also play an important role in students’ choice of engi-
neering, particularly so for women. The concept of agency beliefs is different from the
traditionally defined construct of agency. This belief captures how students feel they are
empowered to make changes, not the actions of empowered change which are more read-
ily measured through qualitative techniques. Thus, emphasizing the utility of science and
engineering to cause meaningful change in the world and help to make students more crit-
ical of themselves and the world around them in high school science and math classrooms
and even freshman engineering courses can positively affect students’ attitudes and increase
the likelihood of them choosing a career in engineering. These endeavors are a valuable
use of classroom resources because they are positive for all students, and even more so for
women. Demonstrating the positive effects of science and engineering can be accomplished
through student-oriented classroom discussions or demonstrations as well as specific case
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studies of engineering projects. Incorporating such topics will help to increase the number
of STEM students which are sorely needed [2], and also increase the proportion of women in
engineering which remain a stubbornly persistent underrepresented group in this field [6].
Conclusion
Students affective beliefs are vital to understanding their choice of an engineering
career. Identifying with math and physics upon entrance to college predicts engineering
major choice. These subject-related identities are the types of identities that students hold
prior to having direct experience with engineering. Additionally, students’ agency beliefs
are also important to their engineering choice. Seeing practical applications for engineering
in the world is especially important to women. The framework of CEA can be used to
understand the affective states of student who choose engineering and explains over one
fifth of the variance in choice of engineering through students self-reflexive beliefs alone.
Much research has focused on the external factors that cause students to choose, or not
choose engineering [4,5,11,127], but fewer studies focus on students’ internal states. These
affective beliefs are demonstrably a strong influence of why students choose engineering.
Some limitations of this study include the inability to see how the measured constructs
interact over time because the data utilized in this analysis are cross-sectional in nature.
Without longitudinal data, the ability to see how identity changes and develops over time
and how changing agency beliefs influence engineering career choice is limited. Additionally,
the items used to measure students’ agency beliefs are a first attempt at capturing how
students view their choice of a career that uses science can affect their surrounding world.
As this concept is better understood, new questions that capture a more diverse aspect of
students’ agency beliefs can be developed and utilized in the framework of CEA.
Future studies from this work are numerous. While this work has highlighted the
need to increase the number of underrepresented groups in engineering we have focused on
gender. Race and ethnicity, as well other areas of underrepresentation like sexual orienta-
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tion, of students should also be investigated using CEA as a lens to understand students’
engineering choice. Also, this work has a strong ability to see connections between large-
scale constructs, but does not take into account individuals’ experiences. Future explanatory
studies of how and why these connections are seen are vital to the continuing validation
of CEA as an affective model. It is especially important to understand the nuances of
how students internalize recognition from teachers, family, and peers into their own iden-
tities. Recognition is the most significant predictor of a subject-identity and subsequently,
engineering choice. A qualitative follow-up study on how students feel recognized in the
classroom is being conducted. Understanding not only how students choose engineering,
but how they are reinforced in their engineering identity development through college is
vital to begin to address the need for more engineers.
Additionally this study has been framed at the critical transition between high
school and college. We have shown that students at this point, with no direct engineering
experiences, have multiple subject-related identities. These identities will change over time
as students are exposed to engineering communities of practice in college, and may look more
like the traditionally studied engineering identity in college. It is unknown whether aspects
of these subject-related identities identified will fade or become incorporated into a distinct
engineering identity as students complete engineering courses, have direct experience with
practicing engineers, and develop the skills needed in an engineering career. Future studies
that investigate the experiences and changing attitudes of students throughout college may





While the framework of Critical Engineering Agency (CEA) explains a significant
portion of the variance in engineering choice, there are still many other factors that influence
students’ decisions to choose engineering in college. This chapter includes two studies
that describe some of these other factors including other student attitudes and self-beliefs,
outcome expectations, classroom experiences, and family influence.
6.1 Student Attitudes and Self-Beliefs
This work explores the breadth of students’ attitudes and beliefs influencing their
engineering career choice [128]. Efforts have been made to understand students’ choice of
engineering. This choice, often made at or near the end of high school, is often only a partly-
informed decision due to a lack of direct experiences with engineering [1]. The objective of
this study is to 1) examine the choice of engineering, 2) to assess the extent to which we
could explain it, based upon different categories of factors, which are identified in various
choice and persistence frameworks, and 3) to examine gender differences that may exist.
To frame this work, two perspectives that have been argued to have predictive power
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for choice of engineering as a career; Social cognitive career theory (SCCT) and Critical
Engineering Agency (CEA) were considered.
These two frameworks have some similarities in their measurements. Both models
measure aspects of self-efficacy beliefs. Social cognitive career theory directly measures a
relatively narrow set of self-efficacy measures related to task-performance. In CEA, the idea
of self-efficacy is embedded within students’ beliefs about their performance/competence.
While these two ideas are linked conceptually, they are measured differently and indicate
somewhat different ideas about what a student believes s/he can accomplish. Utilizing
both of these frameworks allows for the examination of a wider variety of possible factors
influencing choice of engineering.
Additionally, students’ career interest in addressing sustainability-related issues were
included because students have indicated that protecting the environment and having a
civic mind-set are important concerns [129, 130]. Sustainability is “meeting the needs
of the present without compromising the ability of future generations to meet their own
needs” [131]. Students’ choice of engineering, as a prototypical “applied science” discipline,
may be motivated by these beliefs, and for this reason we chose to include sustainability
beliefs.
Methods
Because the SaGE survey used in this analysis was implemented in a course for
general education requirements, a representative sample of students was obtained. Of the
total student population that completed the demographic portion of the survey, of which
54.7% were female. Of the 814 students who indicated that they were “extremely likely”
to choose an engineering career, 19.8% of respondents were female. In total 1319 students
indicated that they were either “likely” or “extremely likely” to choose an engineering
career, so there were still many students not intending to choose engineering with whom to
compare.
The R statistical software system was employed to build a regression model on
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choice of engineering [75]. A students’ likelihood of choosing engineering was assessed in
a question that asked “Please rate the current likelihood of your choosing a career in the
following:” for science, math, and engineering careers on anchored scales. A student’s
highest response to any of the eight engineering disciplines was used as a proxy for a
student’s interest in engineering. This method was used to capture students interested in
engineering in general (but undecided on a particular discipline) as well as students with a
well-specified engineering interest. Multiple imputation was used to account for missingness
in the data using an expectation maximization bootstrapping method from the Amelia II
package [132]. Cases that could not be imputed due to inordinate missing responses in the
variables under consideration were removed by list-wise deletion for a final sample of 4,453.
Blocks of items that measure constructs of SCCT and CEA were input in a least-squares
regression [133] to examine the choice of engineering including demographic/background
controls, identity, agency beliefs, outcome expectations, participation in engineering/science
activities, perceptions of engineering, personal influences on career choice, beliefs about
sustainability, and high school science experiences (see Table 6.1). Throughout this analysis,
the maximum risk of Type I error was set at 1%.
Results
In this analysis we controlled for gender, race and ethnicity, English as a first lan-
guage, prior academic performance, family support for science and math, type of high school
attended, and college/university attended. Previously validated items of CEA described in
Chapter 4 including physics and math interest, recognition, and performance/competence
beliefs and agency beliefs were added into the model [122]. These items account for 8.9%
of the model variance. Next, items on outcome expectations related to students’ overall
career and sustainability were added and explain an additional 9.5% of the model variance.
Fourth, items about which people or experiences influenced students’ career choice and
participation in out-of-class activities were added. These items correspond to supports and
barriers included in SCCT that may mediate student career choices, and explained less of
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the variance in choice of engineering than the previous two blocks with an additional R2 of
0.022. Finally, questions that probed students’ high school experiences, including science
pedagogies were considered. These items explain only 0.4% of the outcome variance. The
final model of engineering career choice explains 41.9% of the variance in students’ choice
of engineering.
Gender interactions were also tested in this model showing differential effects for men
and women in outcome expectations, inventing/designing things, and applying math and
science in a career were positively correlated with engineering choice for men but negatively
correlated for women. Addressing climate change, poverty and distribution of wealth was
a stronger estimate for women. In students’ reported career influences, females more often
cited their chemistry teacher than males. Speaking with a female engineer or scientist in
chemistry was negatively correlated with engineering choice for women but positive for men.
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Table 6.1: Block addition model to explain choice of engineering.
Items Estimate Std. Error Significance§
Controls
Family interest in science (0 -“not at all”; 4 - “very
much so”)
0.010 0.044 n/s
Family support of science for career (0 - “not at all”;
4 - “very much so”)
0.014 0.040 n/s
Family support of math for career (0 - “not at all”; 4
- “very much so”)
0.096 0.039 *
Family help for math tutoring (0 - “not at all”; 4 -
“very much so”)
-0.011 0.041 n/s
Math Academic Performance (multiple item scale
from 0 - 1)
0.123 0.092 n/s
Gender (0 - Male; 1 - Female) -0.189 0.076 *
Caucasian (binary) -0.109 0.043 *
English as first language 0.196 0.059 **
Public charter high school attended (binary) 0.130 0.112 n/s
Foreign high school attended (binary) 0.140 0.112 n/s
Continued on next page
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Table 6.1 – continued from previous page
Items Estimate Std. Error Significance§
Controls College attended Controlled for as a factor
Total Adjusted R2: 0.209
CEA Physics Interest (multiple item scale from 0 - 4) 0.068 0.021 **
Physics Recognition (multiple item scale from 0 - 4) 0.088 0.022 ***
Learning science will improve career prospects (0 -
“strongly disagree”; 4 - “strongly agree”)
0.101 0.015 ***
Added Adjusted R2: 0.089
Total Adjusted R2: 0.298
Career Expectations
Outcome expectations (0 - “not at all important”; 4 -
“very important”
Helping Others -0.077 0.022 ***
Working with People -0.101 0.017 ***
Inventing/Designing Things 0.222 0.021 ***
Inventing/Designing Things x Gender -0.075 0.027 **
Applying Math/Science 0.210 0.022 ***
Applying Math/Science x Gender -0.123 0.025 ***
Continued on next page
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Table 6.1 – continued from previous page
Items Estimate Std. Error Significance§
Career Expectations Interest in addressing in career (binary)
Energy (supply/demand) 0.502 0.048 ***
Poverty and Distribution of Wealth/Resources -0.217 0.059 ***
Poverty and Distribution of Wealth/Resources
x Gender
0.282 0.075 ***
Climate Change 0.102 0.090 n/s
Climate Change x Gender 0.355 0.129 **
Added Adjusted R2: 0.095
Total Adjusted R2: 0.393
Influence on Career
Participated in engineering/science clubs/camps/-
competitions (0 - “never”; 4 - “more than 6 times”)
0.074 0.017 ***
Tinkered with Things (0 - “never”; 4 - “more than 6
times”)
0.092 0.011 ***
Contributed to Selection of Career (binary)
Sibling is an Engineer 0.241 0.077 **
Contact with Someone in Major/Career -0.143 0.036 ***
Continued on next page
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Table 6.1 – continued from previous page
Items Estimate Std. Error Significance§
Influence on Career Math Teacher 0.170 0.064 **
Chemistry Teacher -0.068 0.103 n/s
Chemistry Teacher x Gender 0.419 0.138 **
Physics Teacher 0.231 0.078 **
Participation in Project Lead the Way -0.465 0.107 ***
Added Adjusted R2: 0.022
Total Adjusted R2: 0.415
Pedagogy Manipulated physical objects in Biology -0.091 0.049 n/s
Manipulated physical objects in Biology x Gender 0.176 0.063 **
Spoke with female engineer/scientist in Chemistry 0.326 0.087 ***
Spoke with female engineer/scientist in Chemistry x
Gender
-0.406 0.116 ***
Worked on lab/projects in Biology -0.082 0.020 ***
Added Adjusted R2: 0.004
Total Adjusted R2: 0.419
§The level of statistical significance is coded in the final column: n/s represents a non-significant result, ** represents a statistical significance less than
0.01 but greater than or equal to 0.001, and *** represents a statistical significance less than 0.001.
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Discussion
In the resultant model, several factors proved to be significant predictors of en-
gineering choice with some gender differences. Students’ self-beliefs beliefs and outcome
expectations account for a large portion of the variance in students’ choices (8.9% and
9.5%, respectively). In particular, factors assessing students’ identity beliefs and agency
beliefs account for a substantial fraction of the variance on students’ engineering choices.
In previous work, students’ physics, math, and general science identities were found to be
important factors for their engineering identity development [35]. In this model, only physics
interest and recognition were significantly correlated with engineering choice. This finding
is consistent with previous work which found a stronger connection between physics and en-
gineering identities than with math which is discussed in Chapter 5 [35]. This explanation is
likely because engineering and physics content share a paradigm: heavy application of math
with science, consistent with the outcome expectations reported by students. Students who
see their own identities lining up with specific disciplinary identities persist at a higher rate
than those who do not which may help explain this result [4].
For educators, developing students’ identity and agency are demonstrably important
to choice of engineering and student persistence. Students’ beliefs about who they are and
the subjects with which they identify are important. Additionally, professors who teach the
pre-requisites for engineering, especially physics, may have strong influences on students’
desire to pursue a career in engineering. The authoring of an identity is a sustained process
rather than a one-time effort [33], and poor classroom experiences could cause have an
important deleterious effect on students’ intended careers. Focusing on the development
of student’s interest in a subject and recognition of that student as a member of that
community of practice (e.g. as a “physics person”) may be very important for future
engineers.
Additionally, outcome expectations from SCCT accounted for significant variance
in the choice of engineering (9.5%). Bandura delineated several classes of outcome expecta-
tions: monetary, social, or self-evaluative which determine a particular set of actions [134].
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In this model, expectations towards helping others, working with other people, and address-
ing poverty and distribution of wealth are examples of outcome expectations that reduce
the likelihood of choosing a career in engineering. For women, inventing/designing things
and applying math/science in their careers were net negative predictors. Understanding
how students perceive engineering as a career and whether or not that career aligns with
their outcome expectations is important to help understand engineering choice. These find-
ings are similar to previous work that found that women had lower or negative outcome
expectations in regards to engineering [135].
Gender differences for choice of engineering were found in this analysis. Most of these
differences were found in outcome expectations as previously described. Two differences
were found in females’ reported career influences. Females’ chemistry teachers had a positive
influence for women but a non-significant influence overall. This finding may align with
the distribution of women in specific engineering disciplines that utilize more chemistry
such as chemical (32.9% women), bio- (39.2% women), environmental (45.5% women), and
materials (27.1% women) engineering which all show greater representation than average
(18.9%) [6].
Additionally, speaking to a female engineer/scientist was negatively correlated with
the choice of engineering for women but positive for men. This finding may be due to female
students being unable to identify with women who have overcome the barriers associated to
engineering, due to perceived gaps between their identities, outcome expectations and the
“role models” presented. Traditional roles for male students and female students create gen-
dered patterns for access to engineering professions and identity. While women bring many
skills to engineering disciplines such as managing, planning, organization, coordinating com-
munications, and bringing up different perspective in group discussions, these features are
not recognized as fundamental engineering skills. The emphasis falls to technical and ana-
lytical skills. While women perform just as well as men in these typical engineering skills,
the lack of recognition hinders the formation of an engineering identity and professional
role-confidence. Women must not only author their identity as an engineer, but they must
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contradict the traditional stereotypes surrounding engineering as a masculine field [33].
Women tend to have lower self-concepts and do not feel smart enough in or do not value
math and physical science [136]. These gendered stereotypes coupled with this low self-
concept may cause women to view these role models as a typical examples of the few and
elite who have succeeded rather than an example that they can succeed themselves [137].
In utilizing a cross-sectional study design, the data gathered have some strengths:
large statistical power, national representativeness in the sample, and the ability to test hy-
potheses surrounding events that were introduced to students naturally rather than through
an intervention. This study design also has certain weaknesses, notably including the in-
ability to draw causal conclusions. Rather, results are correlational in nature. The results
do indicate substantial correlations between student responses and students’ choice of ma-
jor, but further work is necessary to indicate a causal direction to these relationships. For
example, students may be interested in physics because of their choice of engineering as a
major, or they may choose engineering because of their interest in physics topics. With this
limitation in mind, the data should be interpreted as correlational rather than causal.
The choice of engineering is a complicated decision, and students make career de-
cisions for a variety of reasons. The factors included in this work were drawn from some
of the existing frameworks used to explain engineering choice from affective, social, and
cognitive viewpoints. In our nationally representative data, these factors explain 41.9%
of the variance in the choice of engineering. Some of the most important factors to this
choice include students’ outcome expectations and CEA. Additionally, gender interactions
in outcome expectations and career influences were found. Underrepresentation of women
in engineering is a persistent issue which hinders the development of the most effective
engineering solutions, limits the quality of the engineering field, and restricts accessibility
to economic and social status available to engineers [7]. In order to meet one million new
STEM graduates needed in the next nine years [2], it is important to not only understand
why the majority of students choose engineering, but also reasons why the minority does
as well.
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6.2 Family Support and Influence
Another study conducted looked at the specific influence of family on students’
career choice [138]. This external factor can have a significant influence on which students
choose engineering. There are few studies on how a student’s choice of engineering is affected
by having an engineer as a family member, yet there are persistent hypotheses about these
types of familial influences.
Introduction
There is relatively little empirical research on how a student’s choice of engineering
is affected by having an engineer as a family member, yet many people cite familial influ-
ences as a reason for students’ choice of engineering. Some prior work on family support
has appeared in the SCCT, but it does not directly address the influence of a family mem-
ber and focuses on engineering persistence rather than engineering choice. This research
examines the influence of family on students engineering career choice through a mixed
methods study. Quantitative connections between having an engineer as a family member
and how influential these members were on students’ career choices were examined. While
these relationships do give a generalizable connection between engineering choice and family
influence, they do not describe how these influences are exerted. A follow-up qualitative
analysis was conducted with student interviews to understand how students perceive these
family influences on their career choices.
As the oft used saying goes, “like father like son [or, like mother like daughter],”
there are established connections between family background and students’ educational aims
and outcomes [139, 140]. Families are critical to providing support for student attainment
through emotional as well as financial dimensions, from purchasing textbooks to paying for
college [139, 141]. Parents shape children’s attitudes, motivations, values, and aspirations
through a socialized family culture and are a locus of control in the education of their
children [142, 143]. Social scientists have noted this influence and the patterns by which
86
students “inherit” the occupational status of their parents. This finding, especially true for
sons, is referred to as occupational inheritance which operates by two primary mechanisms:
1) socialization of skills [144] and role modeling of parents to children [145]. Kohn found
that parents’ work environments and the challenges that they face shape how they raise
their children [144]. Parents in professional jobs succeed through self-regulatory practices
that they pass on to their children. While the focus of this original work was mainly on
father-son inheritance patterns, a greater focus on mother’s roles came in the 1980s. It was
found that mothers provided occupational knowledge to their daughters and played a key
role in the transmission of occupational values [146]. Later studies showed that a mother’s
role is as important as that provided by fathers. Parents play a significant role in the
occupational aspirations and career development of their children [147].
One study completed a comparative analysis of how occupational inheritance differ-
entially affects men and women in engineering [148]. This quantitative study examined 861
engineering students from 15 U.S. institutions. Analyses revealed that approximately half
of the men and women in the study had an engineer in their family and that women were
significantly more likely than men to have an engineering parent. While interesting find-
ings for the engineering education community, these results alone can not conclude that men
and women inherit their interest in engineering from family. This work showed a correlation
between having an engineering family member and choosing engineering within a sample
including only engineers. The final sample featured more women (22.4%) than average in
engineering (18.9% [6]) and almost forty percent of the sample came from a single institution
which introduces the risk of sampling bias into the findings. While these data pose interest-
ing hypotheses and add to the discussion of “engineers begetting engineers,” they open the
door to further examination of family role in occupational inheritance. Another preliminary
study examined how parents shape their children’s exposure to engineering and found that
parents do not explicitly teach their children engineering [149]. This finding is consistent
with the literature that many parents are not aware of their influence on children’s career
trajectories [150].
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Other work has been conducted in the SCCT literature on family role as a
support/barrier to the choice of engineering. Social cognitive career theory has been widely
used to investigate the choice of engineering as a career [69]. This theory is based on the
social cognitive approach introduced by Bandura [134]. SCCT is founded on the triadic
reciprocal relationship between personal and physical attributes, external environmental
factors, and overt behavior included in social cognitive theory. One part of this relationship
is perceived contextual and distal supports and barriers (including family support across
both distal and contextual realms) which is linked to choice goals and actions indirectly
thorough self-efficacy beliefs [70, 127]. In this model, supports and barriers play a more
prominent role in informing students’ self-efficacy beliefs than in directly influencing par-
ticular engineering choices [70].
Work by Strayhorn, investigating the role of supportive relationships for African
American males’ success in college, also highlights the importance of support for reten-
tion in college [151, 152]. Supportive relationships are positively associated with students’
satisfaction in their college experiences which, in turn, improves retention [4]. These rela-
tionships are especially important to retaining talented engineers. Of all underrepresented
minorities in engineering, African American males have one of the highest rates of attri-
tion [153]. Understanding how family support can provide an entrance into engineering and
how supportive relationships within college improve retention may begin to stem the tide.
An early decision to major in engineering in college is vital for students – especially
students from traditionally underrepresented backgrounds (e.g. women and minorities).
After the freshman year, it is difficult if not impossible, for students to enter engineering
and finish a degree within four years due to the large number of required courses [12]. A
four year completion time is important to students with loans or scholarships due to the
time-sensitive nature of maintaining funding to achieve a post-secondary degree.
In this study, we examine 1) how having an engineer as a family member facilitates




The data for this mixed methods triangulation study come from the large nationally
representative SaGE survey and interviews of high school science students. One question
central to the current analysis asked students to “Please rate the current likelihood of your
choosing a career in the following:” on an anchored scale from 0 (“not at all likely”) to 4 (“ex-
tremely likely”). The various career options were “Mathematics,” “Science/math teacher,”
“Environmental science,” “Biology,” “Chemistry,” “Physics,” “Bioengineering,” “Chemical
engineering,” “Materials engineering,” “Civil engineering,” “Industrial/systems engineer-
ing,” “Mechanical engineering,” “Environmental engineering,” and “Electrical/computer
engineering.” Students who indicated a “3” or “4” as their response to a particular engi-
neering discipline were separated out for further analysis. In all, 814 individuals responded
with a “4” in at least one engineering discipline, and a total of 1319 individuals responded
with a “3” or greater in at least one engineering discipline and did not indicate a greater
likelihood of them pursuing another career.
These students were compared to all other students (non-engineers) using binomial
logistic regression to see if having an engineer as a family member or if having parents, sib-
lings, or other relatives influence student career choices, as well as the interaction between
these items are predictive of a choice of engineering. The highest level of education of both
father/male guardian and mother/female guardian, proxies for socioeconomic status (SES),
were input as control variables. Additionally, general family support of math and science
as indicated on a variety of items were used to control for families particularly supportive
of or interested in STEM. These control variables allowed the isolation of familial engineers
and their influence on career choice by accounting for several alternative hypotheses (e.g.
the confounding nature of SES on both parents’ career choices and on students’ interests).
Only statistically significant controls were left in the final model (Table 6.3). Additional
tests were run to determine if gender differences were seen on the type of career influence
or which familial engineer impacted choice of engineering. All data processing, statistical
analyses, and figures in this chapter were created using the R statistical language and soft-
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ware system [75]. Throughout this analysis, the α level, the maximum allowed probability
of a false positive (Type I error), has been set at 0.01 or 1%.
The qualitative data for this study are derived from interviews of 17 high school
students attending two public high schools one in the Midwest and one in Mountain Region.
These high schools were recruited based on the project team’s identification of teachers in
the national SaGE survey who use specific teaching strategies in their classrooms. These
teaching strategies included sustainability topics like discussing energy supply and demand
and opportunities for future generations that significantly increased the likelihood of women
choosing an engineering career. The teaching strategies and their effects were the focus of
a different study and are outside the scope of this work.
Students at these high schools took a brief version of the SaGE survey which included
their career interests both at the time and retrospectively as well as their attitudes about
STEM. Students were selected for interviews based on their survey responses, previously-
observed classroom behavior, and teacher recommendations. Selection criteria for student
interviews included: interest in engineering (especially for women), high or low physics
and/or math identity, changes in attitudes toward science between middle school and high
school, observably engaged classroom participation, and students indicated by their teachers
as interesting cases on the above criteria. Eight students were selected from each of the two
schools. Student interviews were typically 30 minutes in duration. The types of questions
included in student interviews asked students about their perceptions of their class and
teacher, attitudes about science, beliefs about the type of people who do physics, math,
and engineering, career interests, support they receive for their career interests (including
family support), and perceptions about school culture. Table 6.2 presents some demographic
information as an overview of the interviewed students.
The interviews were analyzed using a constant comparative method. This method
describes the process of moving between the data collection and the data analysis to inform
additional data collection. This method also involves finding similarities between statements
and incidences in the same and different interviews and observations [86]. Open coding was
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conducted for student’s accounts of familial engineers and supports and barriers for their
choice of a career. The similarities between the interviews were used to construct overarching
themes in student responses. The software used for this coding process was RQDA, an open
source qualitative analysis tool [87].
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The results of the binomial logistic regression of engineering choice are summarized
in Table 6.3. Related variables are grouped together in Table 6.3: first, controls; second,
familial engineers and students perceived family influence on career path. Within the control
block, family support for science items are grouped together.
Odds ratios are used to compare the relative odds of the occurrence of the outcome
of interest (e.g. engineering career choice), given exposure to the variable of interest (e.g.
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Table 6.3: Logistic regression of engineering choice. The Estimates are the logit (log of the
odds ratio) for each predictor; the Odds ratio is the exponentiation of the Estimate. The
Standard error is the error associated to each estimate, and the significance is the p-value








Father’s highest level of ed-
ucation
-0.113 0.893 0.03 ***
Family Support
Science was a hobby 0.317 1.372 0.087 ***
Science was important
for a better career
0.48 1.616 0.082 ***
Family helped with
schoolwork
0.25 1.284 0.076 ***
Family arranged for
science tutoring
0.643 1.903 0.19 ***
Predictors
Father – Engineer -0.507 0.602 0.181 ***
Mother – Engineer - - - n/s
Sibling – Engineer 0.798 2.222 0.142 ***
Other relative – Engineer 0.456 1.578 0.094 ***
Mother/female guardian
contributed to career path
-0.568 0.567 0.087 ***
Father/male guardian con-
tributed to career path
0.388 1.473 0.091 ***
Father – Engineer x Fa-
ther/male guardian con-
tributed to career path
1.321 3.747 0.221 ***
§The level of statistical significance is coded in the final column: n/s represents a non-significant
result, ** represents a statistical significance less than 0.01 but greater than or equal to 0.001, and ***
represents a statistical significance less than 0.001.
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having a familial engineer). The odds ratio can also be used to determine whether a partic-
ular exposure is a predictive factor for a particular outcome, and to compare the magnitude
of various factors for that outcome [154]. Having a father/male guardian with a higher
level of education is a negative predictor of choice of engineering (i.e. reduces the odds of
choosing engineering). This finding is consistent with previous work citing that students
from high SES that are interested in STEM are less likely to choose engineering than related
fields such as science [47]. Another control, family support of science has an average odds
ratio of 1.544, meaning that if a student perceived their family to be supportive of science,
then they are 1.544 times more likely to choose an engineering career.
Familial engineers other than parental figures are significant positive predictors of
engineering career choice. Having a mother that is an engineer is a non-significant predic-
tor of engineering choice, and having a father who is an engineering is actually a negative
predictor of the choice of engineering. This finding seems counter to previous work in occu-
pational inheritance in engineering [148]. The current results are from a sample of 6,772 from
50 institutions, a larger, broader sample than previous work. Also, we compare engineer-
ing students to non-engineering students, while the previous study compared engineering
women to engineering men. Such methodological differences may explain the differences in
the results. Within engineering, familial engineers may have a relatively strong impact on
why students chose engineering, but when compared to all students, these influences are less
significant. The influence of familial engineers within the total student population can be
mixed. Simply having a familial engineer may be less significant for students not choosing
engineering because of a variety of other influences (e.g. interest in STEM, self-efficacy
beliefs, other background influences). The students in this work may cite siblings and other
relatives (e.g. cousins, aunts, uncles, etc.) more often due to self-efficacy building vicarious
learning experiences [155]. Students who see others that are similar to themselves (closer
in age or experience) being successful engineers may enable a re-imagining of their possi-
ble selves (i.e. the selves one believes one might become in the near and the more distal
future [156]), to more firmly believe that they can succeed in engineering.
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Parental influences on engineering career choice are mixed. Students who reported
that their mother/female guardian contributed to the selection of their career path are less
likely to chose an engineering career. This finding may be consistent with literature finding
that parents have unknown, strong influences over their children’s career aspirations [149,
150]. Mothers, in particular, may be influencing their children toward careers and values
which they find to be important [144]. Since there are more women in a plethora of other
fields like business, law, and medicine [8], women may be simply guiding children into fields
where they have found success and/or which they find relevant [144]. Having a father/male
guardian who contributed to a student’s career choice has a positive effect on engineering
choice, meaning that a father’s influence on a career makes students more likely to choose
engineering. However, this finding may be convoluted with the fact that there are an
overwhelming number of men in an engineering career [6], rather than male parental figures
guiding children into engineering. However, the effect of having fathers who are engineers
and also are reported to have contributed to their children’s career selection (an interaction
effect) has a compounded effect. Such students are 3.747 times more likely to choose a
career in engineering. Students reporting that sibling and other relative had an influence
on their career choice were non-significant in this model as well as any interactions. These
findings may be due to the overwhelmingly strong influence of parents on their children
and their career choice [142, 143]. While having a sibling as an engineer is a significant
predictor of engineering career choice, students do not report their siblings has having
an influence on an engineering career choice. Additionally, all of these findings showed
no gender differences. While this work contradicts Mannon and Schreuders [148], it is
consistent with other work that children follow their parents into the same field regardless
of gender and regardless of field [140]. This latter research examined intragender differences
of a female child choosing her father’s career versus another field and vice versa for male
children. Besides some bias in the study by Mannon and Schruders [148], that study focused
on explaining differences between genders within engineering. While we do acknowledge the
lack of female role models within engineering to “pass on” occupational inheritance to their
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children, especially women, there is a positive message in these findings. Occupational
inheritance is not a closed feed-back loop for women, fathers who are engineers and who
influence students is a large effect for both men and women, and the lack of many women
engineers does not widen the representation gap in engineering from a family influence
analysis.
Two primary mechanisms appear to be the underlying routes of familial influence
on students engineering careers. Firstly, siblings and other relatives who are engineers have
a strong influence on students’ choice of an engineering career. Vicarious learning leading
to self-efficacy building may explain the stronger influence of these individuals on career
choice. Self-beliefs about one’s efficacy shape the way in which one navigates the world [65].
If a scenario is perceived to be too difficult or exceeds one’s capabilities then that scenario,
such as the choice of engineering as a college major, may be avoided. Self-efficacy also
contributes to the persistence and amount of effort one may put into accomplishing a goal
in the face of adversity or obstacles. These self-efficacy beliefs are not determined by one’s
past experiences alone. Efficacy appraisals are influenced by vicarious experiences [157].
Seeing others whose skills are deemed to approximate one’s own can successfully raise the
self-efficacy of the observer. For example, a student in our interviews who was interested
in majoring in electrical engineering (and is now working on a degree at a prestigious
engineering school) describes his career influence thusly:
My brother’s actually becoming – like – he’s going to get his Master Electrician’s
License and he kind of got me interested, always talking about that stuff and I
just kind of decided that would be a good fit.
This mechanism can also work in reverse. If a student does not identify with a
vicarious role model in engineering or that model is not successful, then they may decide
that a path into engineering is closed to them. A highly-talented female in physics describes
her likelihood of choosing a career in engineering:
I feel like they’re [engineers] a whole bunch of smart people so I, I have no
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desire to go in engineering...so, I can’t.
Several students, including individuals desiring to enter engineering as well as other
fields, described the influence of vicarious role models. One student described how she
decided to choose accounting:
Accounting? Um, I don’t know, because, well, my oldest sister, she’s kind of like
my role model and that’s what she did and then like I’m taking an accounting
class now and I just thought this is like, um, I just like liked it and I’m going to
take another accounting too next year to keep studying and I’m going to go to
college for that, too, so.
Another student described the influence of his uncle on his desire to be an aerospace engi-
neer:
Um, well, there are a couple things I’ve thought about. One is to be a civil
engineer with like bridges and roads, but I wasn’t too interested in that. Um, I
have an uncle that works for Boeing in [a distant city] and he seems to really
like his job and he makes pretty good money. I like cars. I could, I enjoy that,
something with cars maybe or, um, but mostly with planes because I like planes
a lot.
These vicarious experiences may need to come from people with whom students
can identify more effectively than parents. While parents do provide an important role
in the development and raising of children, across many cultures, siblings, especially, and
other family members may be as or more influential than parents [158]. Additionally,
siblings spend a large amount of time together which results in a high degree of mutual
imitation [159].
A second mechanism of familial influence is the direct influence of parents on stu-
dents’ career paths. While siblings and other relatives play an important role in vicarious
learning, parents, pass on their occupational values and desires through a process known as
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occupational inheritance. The influence of mothers and fathers on a student’s career choices
in the quantitative portion of this study is consistent with this literature [139–148], and is
supported by students’ narratives.
The same student who spoke of his uncle’s influence to become an aerospace engineer
(quoted above), also talked about the strong influence of his parents. From a discussion of
his competing interests, his mother was actively encouraging toward a different career path,
based upon her own interests and values:
Well, my mom kind of pushes me more towards [being a] psychiatrist because
she’s a counselor so she likes that, but my dad is more like whichever way you
want to go is good for me, both sound like good careers.
This narrative supports the quantitative finding that if a mother has a reported
influence on students’ career, it may make them less likely to choose engineering. As
expected, other students also reported a parental influence over their career choices. One
male student interested in engineering described his parents’ influence as supportive of
engineering:
My mom and my dad helped me a lot, like getting information. And the internet.
I look up stuff on the internet. My parents always ask me about it and I’m better
than last year. Last year I had no idea. But I’m starting to get a better idea of
what I want to do. I’m trying to think of that and research that.
Another student described her parents’s influence on her as a student and in her career
path:
Yeah, they’re very encouraging. They’re always talking to me about it [being
a radiology technologist], saying is that what I want to do, making me look at
different aspects about it, um...I feel like since they didn’t go [to college] they
feel like that urge to, because they see how their life has been hard and difficult
and they don’t want ours, mine and my brother’s, to be like that, so they urge
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us constantly to do good grades, to like be good in school, go farther than what
we can, make life easier on ourselves, I guess. And thats since they didn’t have
it they want us to have it.
Many students said that their parents wanted them to be happy and to “do what
you want, like, do what you love.” Some students did not report a direct influence similar
to the student with a mother in counseling; the influence of parents on students’ values and
career aspirations is more subtle. Parents have a strong locus of control in the transmission
of values, education, and development of their children [149]. Often, these underlying mech-
anisms are taken for granted. While this connection is well documented in the literature,
often students do not describe this phenomena in their narratives. While parents have been
identified as important agents of occupational inheritance, the process of how they transmit
their knowledge, values, and behaviors are not well studied [149,160].
The largest effect found in the quantitative data showed that the interaction of
having a father who is an engineer and having reporting an influence from a father on
career choice is stronger than the two separate main effects combined. In the interviews, one
student described an interest in “radios and electronics.” When pushed for an understanding
of whether this career interest involved engineering or a technology degree, the student did
not offer a clear path but described the influence of his father (who was an state employee
who “works on electronics and radios”):
I’ll be shipping out this summer for basic training. And ah, I want to go into
radios and electronics. I’ve been around the military my entire life. I’ve moved
around, ah, every three years for the last 18 years, and ah, I’m just kind of
used to moving around, bouncing around. I’ve been around military bases my
whole life so its nothing really new to me so kind of following in my dad’s
footsteps...having the military help me get through ah, college and all that stuff
so that I can get out, um, come back to [this state] and work for the state and
do electronics and radios for them because that’s what my dad does and ah, all
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of it here.
His father not only had a direct influence on his career, but a direct occupational inheritance
was evident in this case. This student did not have a clear path towards achieving his goals
beyond joining the military and getting a degree, but he did have a strong commitment to
the path he described.
Conversely, another student described a dad who pushed him toward engineering,
but was not directly involved in his life. He lived with his mother and only saw his father
a few times a year. He had a strong interest in a physics career rather than engineering:
Well, my dad, my dad was always, a, talking about how he wanted me to be
some sort of engineer or something when I grew up and um, I don’t live with
him but a, he was definitely interested and we used to argue about science a lot
so it was...he wasn’t [an engineer]. He was a glass work – an auto glass worker,
so.
This student described a strong push toward engineering by his father, but the
transmission of occupation did not seem to be as strong in this case, perhaps because his
father was not involved in his daily life. These contrasting cases show how the interaction
of having a father in an engineering career who is also influential in your career choice can
result in a higher likelihood of choosing an engineering degree, but having a father who is
not as influential or is not an engineer may have a different outcome, consistent with the
quantitative results.
One of the strengths of the mixed methodology used in this chapter is that solely
using students’ narratives of career choice and the path and influences that helped them
make a decision is oversimplified. Using quantitative data as well as qualitative narratives
in mixed methods allows a bigger picture of predictive factors for the choice of engineering.
For example, a student is not likely to say that because he is male, white, and from a middle
class background, that he was influenced to choose engineering. Instead, he may describe an
interest in math and science and understanding how things work, and the encouragement of
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his family or teacher or guidance counselor as well as other critical events/experiences in his
path to arrive at a decision of a career in engineering. The qualitative portion of this study
gives some insight into why students make their career decisions while the quantitative data
give insight into factors previously unlinked to career choices.
Conclusions
Through a mixed methods triangulation study, two particular mechanisms were
found for familial influence on engineering career choice. The first is the strong influence of
siblings or extended family members as role models (via vicarious learning experiences) on
engineering choice. Seeing a person with whom a student can identify succeed and thrive
in engineering may contribute to self-efficacy beliefs with respect to an engineering career.
Previous work has shown that this type of self-efficacy building is less important than direct
experience-derived self-efficacy, but it does have an effect on career choice as see by students’
narratives [157]. Many students see a sibling as similar to themselves and can image that
if their own brother/sister can do engineering then they can, too. Another student saw
engineers as “a bunch of smart people” and developed low self-efficacy beliefs that turned
her away from an engineering career.
The second mechanism of familial influence on an engineering career involves occu-
pational inheritance of specific values and beliefs from parents towards their own careers. A
large body of literature in child development documents the strong influence of parents on
career choices. Our work supports the findings that parents’ support (rather than siblings
or other relatives) have a stronger influence of students’ career aspirations. Mothers tend to
pass on their occupations which can steer children away from a degree in engineering, while
fathers tend to have a more positive influence on engineering career choice. This finding
may be due to the low number of women in an engineering-related occupation to “pass
on” that job or due to the values that mothers pass on pushing young women away from
engineering, resulting in lower numbers of women in engineering. The data necessary to
draw conclusions about the direction of causality of this hypothesis are beyond this study,
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but it does offer an interesting topic for future research. The interaction of having a father
who is an engineer and who has an influence on a students’ career has the largest odds ra-
tio towards a choice of engineering. Throughout this study, no gender differences amongst
students were found for either parental figure as influences or familial engineers.
As we seek to increase the number and diversity of students in engineering, consid-
ering these findings is important not only for engineering education researchers, but also
families, teachers, and guidance counselors. Our future work in this area will seek to in-
corporate into these models greater details about students’ engineering choices and how to





Chapter 5 highlighted some valuable and interesting connections between math and
physics identity constructs, agency beliefs, and the choice of engineering. Additionally, the
relative importance of agency beliefs over math and physics identities has been seen for
women in their choice of engineering. These connections suggest important implications
for the recruitment and retention of women in engineering, but the causal mechanisms
which may explain these relations and the development of these affective beliefs can not be
determined solely using the cross-sectional quantitative data.
7.1 Explanatory Power
Utilizing qualitative data in addition to the results of SEM can add deeper mean-
ing to the theory of CEA [86]. Qualitative data allows for the researcher to capture the
individual’s point of view. In quantitative approaches, statistical analyses study the dis-
tribution of individuals across an outcome to identify trends. This approach allows for
testing the probability that an effect is not due to just chance alone, but such approaches
do not necessarily capture the richness of the experiences of any individual students within
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the sample. Qualitative research can study the individual’s perspective and beliefs through
detailed interviewing and observation. Additionally, this approach allows the researcher to
incorporate a broad range of context and the effects of the social world writ large on the
data and interpretations. Finally, this approach facilitates the collection of rich, descriptive
data, which can explicate theory or develop understanding of how and why the trends seen
in quantitative data occur. This data expands on the general findings of Chapters 5 and
6 and allows for a deeper description of CEA and females choosing careers in engineering.
Through this process, explanatory links can be understood which would be inaccessible
through quantitative methods alone.
7.2 Directed Qualitative Content Analysis
For both qualitative studies conducted, directed qualitative content analysis was
used to understand the underlying themes and ways that female students develop CEA.
Qualitative content analysis consists of a family of techniques for systematic text analysis de-
veloped by Mayring and colleagues 35 years ago in a longitudinal study about psycho-social
consequences of unemployment [81]. This technique traditionally analyzed large amounts of
text into a number of categories that represent meaning [84]. Qualitative content analysis
has moved past its more quantitative origins to the interpretation of content through a
systematic process of coding and meaning-making.
Directed content analysis works with previously formulated, theoretically derived
aspects of analysis by connecting them with the textual data. The goal of a directed
approach to content analysis is to validate or conceptually extend a theoretical framework
or theory. Thus, this approach is particularly apropos for understanding CEA in context.
Existing theories or research can help focus the research questions addressed in qualitative
research. Such a directed approach can provide predictions about the variables of interest or
about the relationships among variables, thus helping to determine the overarching themes
or relationships between codes [81]. Figure 7.1 illustrates the overarching process of directed
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qualitative content analysis as described by Mayring [81]. The only part of Figure 7.1
that has changed dramatically over the last 14 years is the type of evidence accepted for
qualitative content analysis. Instead of the “quantitative steps of analysis” typically used in
traditional qualitative content analysis, excerpts of discourse [85] and conceptual networks
can be used [86]. Taking a direct approach means that researchers begin by identifying
key concepts or variables as coding categories. Next, operational definitions are determined
using theory [84].
Figure 7.1: Step model of directed qualitative content analysis [81].
The general steps for qualitative content analysis outlined in Chapter 3 are included
here [82]:
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1. Prepare the data – The choice of the content must be justified by the research ques-
tions [83].
2. Defining the unit of analysis – The unit of analysis refers to the basic unit of text to be
classified during content analysis. For Study 1, each open-ended survey was one unit.
For Study 2, each of the three time points of the longitudinal interviews conducted
was a unit of analysis.
3. Develop categories and a coding scheme – This analysis is directed. In this approach,
researchers use existing theory or prior research to develop the initial coding scheme
prior to beginning to analyze the data. As analysis proceeds, additional codes are
developed, and the initial coding scheme is revised and refined. Researchers employing
a directed approach can efficiently extend or refine existing theory [84].
4. Test coding scheme on a sample of text – This step involves validating the coding
scheme through a detailed code book and conducting inter-rater reliability testing to
ensure codes are consistent and reproducible.
5. Code text – The actual coding process uses a constant comparative method (described
below). This method is used to prevent “drifting into an idiosyncratic sense of what
the codes mean” [85].
6. Assess coding consistency – This step ensures reliability that the entire unit of analysis
was coded consistently. Additionally, code meanings may have changed subtly over
time and this step works to ameliorate inconsistent coding [86]
7. Draw conclusions from the data – This is the point at which the researcher makes
sense of the themes or categories identified, and their properties. Researchers make
inferences and present their reconstructions of meanings derived from the data.
8. Report methods and findings – For the study to be replicable, it is necessary to monitor
and report the analytical procedures and processes as completely and truthfully as
possible [83].
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The qualitative analysis of Step 5 consists of a methodologically controlled assign-
ment of a code to a passage of text. The main idea of defining specific steps in this qualitative
analysis is to give explicit definitions, examples and coding rules for each deductive category,
determining exactly which circumstances under which a passage can be coded [81]. Those
category definitions are put together within an a priori (see Appendix G). In addition to
coding deductively, emergent ideas and connections related to the theory of CEA are devel-
oped and understood inductively. These themes are included in the additional code book
found in Appendix H.
Data collected in directed qualitative interviews are often comprised of open-ended
questions followed by targeted questions about the predetermined codes. To analyze the
data, two steps are taken using a constant-comparative method. First, the data are coded
with the a priori codes. Any other text that was not categorized with the initial coding
scheme is examined to see if it is a subcategory of an existing code or it is given a new,
emergent code [84]. These findings can offer supportive and non-supportive evidence and
connections for CEA. Evidence is usually presented by showing codes with exemplars and
by offering descriptive evidence [82]. Newly defined codes can offer a contradictory view
of the theory or more fully articulate and extend CEA. The software used for this coding
process is RQDA, an open source qualitative analysis tool [87].
Because this approach analyzes the data with a priori codes, a significant, inter-
pretive researcher bias could be introduced during analysis. To neutralize the potential for
finding only supporting evidence for CEA and/or excluding contextual aspects, an audit
trail can be used [84]. By working with other researchers to define the a priori codes,
establish inter-coder reliability, and come to a consensus on the application and meanings
of these codes to the data in context, the accuracy and veracity of the findings can be
established and triangulation with other studies can be conducted. Formative assessment
of reliability was conducted using the research group to vet a priori codes. This process
is conducted to ensure that while coding, the codes developed from theory are manifested
and defined in an inclusive way. Summative assessment of reliability occurs after coding,
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this process included inter-coder reliability assessment for dependability with a Cohen’s κ
of 0.954 and a standard error of 0.045. Additionally, the percent agreement between the
coders was 96%. Sections of text from both the open-ended surveys and the case study were
checked, and the results ensure that the a priori codes were consistent and applicable across
both qualitative studies. This values indicate “very good” reliability of the a priori codes
and ensure summative reliability [161]. The area in which the coders did not agree was the
interpretation of the significance of others asking students for help in a subject. While this
code may seem like a recognition experience, it loads onto the performance/competence
factor in an exploratory factor analysis [122]. A note was added to the a priori code book
to clarify this issue for future coding.
Trustworthiness in qualitative research can be established through four criteria:
credibility, transferability, dependability, and confirmability [162]. Credibility refers to the
“adequate representation of the constructions of the social world under study” and can be
assessed both in terms of the process used in eliciting those representations and in terms of
the credibility of those representations for the community under study. Activities that work
toward credibility include a prolonged stay in the field, persistent observation, triangulation,
the search for negative cases (comparators), the establishment of referential adequacy by
setting aside some portion of the data for testing of conclusions, discussions or debriefing
with peers, and checks of results with members of the community under study. In this work,
a prolonged investigation of the case study (occurring over a period of more than one year);
triangulation of quantitative and qualitative data as well as several sources of data used;
regular discussions within the research team; and checks of the results with the literature
and data set were used to establish credibility of the data.
Transferability refers to “the extent that the researcher’s working hypotheses about
one context apply to another” [162]. The researcher’s responsibility is to provide enough
data, through rich, ample description, to allow these judgments to be made. In this qual-
itative work, transferability was addressed by understanding the broad context of CEA
constructs in open-ended surveys. These responses give a breadth of answers that may
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transfer to other cases. In the case study, in-depth understanding of context and descrip-
tions of situations allows for transferable findings.
Dependability refers both to “the coherence of the internal process, addressed pri-
marily through the concept of an internal audit, and to the way the researcher accounts for
changing conditions in the phenomena” [162]. Dependability was established by establish-
ing a clear process by which the data were analyzed. Each step of the directed qualitative
content analysis was documented.
Confirmability, refers to the extent to which “the characteristics of the data, as
posited by the researcher, can be confirmed by others who read or review the research re-
sults” [162]. This process has been described as needed explicitness of data collection meth-
ods; analytic constructs documented by data; negative instances displayed and accounted
for; personal, professional, and theoretical biases discussed; analysis strategies articulated;
and documentation of the field decisions that altered research strategies (p. 148) [163].
These two factors were established by creating a clear sense of how the data were ana-
lyzed and the specific codes used (Appendices G and H). All data collection methods are
included in the appendices. Throughout the process of understanding CEA and analyz-
ing the qualitative data included in this dissertation, the concept of trustworthiness was
embedded.
These methods were used for both qualitative studies in Chapters 7 and 8.
7.3 Open-ended Surveys
Data Sources
Women from the SaGE survey who were identified as having engineering career
interests (e.g. those indicating either a “3” or “4” on an anchored scale from “0 - not at
all likely” to “4 - extremely likely” for the likelihood of choosing a career in engineering)
were identified as potential participants for this study. Both students from the initial SaGE
survey deployment in Fall 2011 and the additional oversample from nine 4-year engineering
108
schools were used to have the largest number of potential participants. These students
were recruited via their provided emails and offered a small incentive to participate in this
study. Only female students who indicated interest in engineering on the SaGE survey were
sampled, and the framework of CEA was examined for differences in students with the same
engineering career goal. These students were asked a variety of questions about their math
and physics identities, agency beliefs, perceptions of engineering, and career expectations
and influences (see Appendix D). The total number of female engineers who also provided
contact information was 302. A total of 46 students responded to the open-ended survey
(14% response rate) and this number provided an adequate number of student responses to
begin to establish explanatory links from identity and agency to empowerment for women
interested in engineering.
Critical Engineering Agency
The open-ended survey responses were examined using the CEA framework. Con-
nections seen in the SEM (Chapter 5) were explored. Students gave examples of how they
developed specific identities and how agency beliefs factored into their engineering choice.
These data allow a richer picture of the connections of CEA to be developed and the theory
expanded and explained.
Agency Beliefs
Students described their agency beliefs with varying degrees of depth and personal
affiliation. While almost all students described engineering as a way to benefit the world
with specific examples when prompted, some women exhibited stronger agency beliefs even
when unprompted. When asked what some of the most important influences on choosing
engineering, some women described their desire to pursue an engineering career specifically
to make an impact in the world:
Student 12: I’ve also been surrounded by a lot of illness in my family and it has
inspired me to devote myself to a career that helps people get over their illnesses
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(in this case, through developing medical devices).
Student 12: [Engineering will] give me the tools and resources I need to make
an impact. . .
Student 14: I’m assuming some science goes into surgery, so when I had my
knee surgery a few years back that mattered. I’ve taken a number of science/-
math/computer design courses, so on my way to becoming an engineer [sic] has
impacted me. And if I ever develop a mortal sickness then hopefully the field of
medicine will have advanced far enough that it isn’t so deadly.
Student 18: I hope to improve the quality of life within the world.
These unsolicited agency-related responses show students with stronger agency be-
liefs that directly cite wanting to make a positive change in the world as the reason for
choosing engineering. Agency beliefs are not a binary outcome, but are part of a spectrum
for how individuals view engineering as a way to change the world. Chapter 5 showed
that agency beliefs are more important for women in choosing engineering than for men.
Even when asked what engineering can do for the world and for their lives personally,
many women responded with answers beyond the identification of new technologies (e.g.
cell phones and computers). These responses illustrate the depth to which these students
believe their chosen careers can have positive social outcomes:
Student 23: Science and engineering keep society moving forward, improve qual-
ity of life, and can give hope and purpose to a person that uses the science to do
work.
Student 10: Technology and innovation are the only ways to achieve any progress
as a society. Science and engineering can help create vaccines and medicines
to cure cancer and other deadly diseases. Science and engineering can discover
ways to prevent the negative effects of global warming or find a place where
humanity can live if we kill this earth.
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Student 27: Science and engineering impact my life in so many ways including
the buildings that I sleep and study in, and the medicine I take to stay healthy.
These students spoke about science, engineering, and technology as the way to make
life better for people and for themselves. When asked about what science/engineering could
do, students spoke about the impact on their career in a variety of ways from social impacts
to personal experiences to globally relevant issues. These students showed a breadth of
understanding of the possible impacts of engineering. Some of this insight may be due to
being involved in an engineering major for some period of time, and it may also indicate a
better understanding of what engineers can do.
In previous studies, the measurement items for agency beliefs included “science has
taught me to take care of my health,” which seemed somewhat different from the rest of the
items that loaded onto agency beliefs. From the current data, connecting engineering and
science with medical improvements and personal health is a natural extension of the positive
impacts of engineering for students. Women describe engineering in this way and have a
statistically larger path coefficient between agency beliefs and the choice of engineering in
college in the structural equation model. These responses that tie engineering to socially
impactful, health-related, and environmental outcomes may explain why women are repre-
sented in higher proportions in engineering disciplines that directly address helping people
and the environment including biomedical (39% women), chemical (33% women), environ-
mental (46% women), industrial (30% women), and biological (35% women) engineering
which are all higher than the national average of 19% [6].
The way in which women speak about their agency beliefs, both prompted and
unprompted, gives a deeper understanding how women view their chosen careers and their
impacts. Seeing how engineering is involved in everyday aspects of their lives as well as
the potential to make large global changes is important for women in their discussions of
engineering. These areas highlight ways to get women interested in engineering as well as
empower them through a non-traditional career that can address traditional social values
of wanting to help people and make an impact. The development of agency beliefs allows
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individuals to act intentionally against established social structures [30]. These students,
especially women, can become empowered to choose engineering as a career despite the lack
of women in engineering. Women’s discussion of agency beliefs shows the breadth of agency
beliefs and illustrates how women describe their beliefs about the potential for engineering
to make a difference.
Identities
When students were asked if they saw themselves as a math or physics person on a
seven point anchored scale from “no, not at all” to “yes, very much,” all students except
for a couple indicated a math identity that was equal to or higher than a physics identity.
Developing a physics identity was more important than developing a math identity for both
men and women in their choice of engineering in the earlier SEM. However, in this data
set, only two out of forty-six female students reported higher physics identities than math
identities. While the identity estimates were lower for women than for men, these estimates
held similar ratios between physics and math identities when compared. This finding may be
explained by the fact that students interested in STEM careers were pushed toward physics
in high school and high school physics curricula focus on applications of science, similar
to the way students conceive of engineering [164]. However, when students took physics in
college, it was not necessarily as related to engineering as their math courses. Students in
engineering are typically required to take twice as many math courses as physics courses
in their degree process [165]. In addition, in many engineering programs, math is regularly
used in and explicitly related to engineering courses, while physics focuses on theory and
common terms like “energy” do not translate across the curriculum [166]. This difference in
exposure and focus on math over physics in the post-secondary engineering curriculum may
explain the switch for students from a physics identity emphasis for choice of engineering
in the SEM to higher math identities in this study.
Additionally, when asked to describe the ways in which they felt like a “math person”
or a “physics person,” students had markedly different ideas about what it meant to hold
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a math identity versus a physics identity.
Math identities were discussed with a wide variety of rich terms including examples
of how students were good at solving problems, able to understand the material, enjoyed
the subject, received recognition by others, and how math was connected to everyday life.
Some examples include:
Student 21: I love working out math problems, seeing how you get an answer,
and that there is only one right answer, and a specific algorithm for getting the
answer
Student 22: Being able to teach someone else the subject
Student 42: Math just tends to click with me, it doesn’t take me very long to
solve a problem. If I have seen an example of a similar problem, I am usually
able to figure it out.
Student 6: Engineering school has opened my eyes as to what math can really
explain in the science world. There are so many ways in which scientific topics
are modeled through mathematics in order to compute numbers that are extremely
close to true value, all through mathematics.
Physics identities, on the other hand, were discussed in more limited ways. Students
spoke about being good at physics, understanding physics, and seeing physics in everyday
life. Almost no students spoke about their interest in physics.
Student 46: The real world makes more sense with a knowledge of physics.
Student 23: I understand how forces act on a body, I am good a visualizing
things, and I am good at problem solving.
Student 33: It helps you understand how to problem solve, such as how much
force you need to apply at what angle in order to move/turn/open something.
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Conspicuously, the ways in which students described both their physics identity and
their math identity did not include many instances of recognition. Recognition was included
a few times when students discussed being a math person, but was never discussed as a
part of being a physics person. This lack of recognition experiences in students’ narratives
may be due to the fact that they have been asked about how they see themselves and,
in this reflection, they do not talk about how they feel others view them. Additionally,
while the importance of recognition has been shown, students do not explicitly discuss
it. They internalize that recognition into who they see themselves to be through external
validation. Because this validation process is initiated from others, students may not cite it
in their personal narratives about the type of person they see themselves to be. The lack of
recognition in student narratives may also be due to the social positioning of the question
as ego-centric.
However, when students write about taking on the vital role of feeling like an en-
gineer in identity work, recognition does come out as an important for becoming part of
the engineering community and their self-concept. The engineering recognition responses
were rich in detail and students emphasized how they felt they belonged in their community
through instances of internalized recognition. In understanding the importance of recogni-
tion for identity development, the concept of recognition must be probed explicitly because
students are not likely to bring up the concept in self-oriented discussions of who they see
themselves to be.
Community of Practice
An important difference in these data is the point in the participants’ education
at which they were collected. Most students were in their second or third year of their
engineering studies. In contrast to the earlier surveys, students had been exposed to an
engineering Community of Practice and had begun to develop traditionally studied engi-
neering identities. Lave and Wenger described a Community of Practice as:
An aggregate of people who come together around mutual engagement in an endeavor.
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Ways of doing things, ways of talking, beliefs, values, power relations – in short, practices
– emerge in the course of this mutual endeavor. As a social construct, a Community of
Practice is different from the traditional community, primarily because it is defined si-
multaneously by its membership and by the practice in which that membership engages.
(p. 464) [167]
From this perspective, constructing knowledge is an inherently social process and
involves being a participant in a community, which comes with normative cultural practices.
Students become a part of a Community of Practice as they begin the process of learning
what it means to be an engineer. Communities of Practice generate and appropriate a
shared repertoire of ideas, commitments and memories. Participants also need to develop
various resources such as tools, documents, routines, vocabulary and symbols that in some
way articulate and carry the accumulated knowledge of the community. While students may
not identify as engineers immediately, they are still participating in a “peripheral” way to
the Community of Practice. Learning to perform appropriately in a Community of Practice
transitions members from participating “at the fringes” to becoming core members in a
process of “legitimizing” participation [167]. One may argue that an individual’s identity
can not be formed without “legitimate” participation in a Community of Practice. Thus,
earlier chapters focused on the transition from high school to college when students had
not been immersed in an engineering Community of Practice. However, as these students
began their college careers, they began to construct knowledge of what it means to be an
engineer and how to identify as an engineer as well as practice engineering-related activities.
In this process, their engineering identities as a part of this Community of Practice began
to develop and interact with previously studied physics and math identities that were so
important to their earlier engineering choice. This development steps beyond the previous
study utilizing SEM because it is situated within an engineering Community of Practice.
For example, one student said that she was engineer because she was “in the process of
developing the tools to successfully be an engineer.”
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Because recognition is so critical to students’ identity development, understand-
ing how students feel recognized within the classroom is valuable for informing pedagogy.
Students’ identities in engineering may be fostered by taking advantage of specific formal
and informal education opportunities. When asked how they felt recognized as engineers,
female engineering students responded in a variety of ways. Many cited design projects,
internships, and other recognizing their talent to problem solve as ways of being seen as
an engineer. Some examples of specific situations in which recognition as an engineer was
internalized by students spoke about freshmen design projects:
Student 2: During my freshman year, the engineering class worked on group
projects. We designed a device to save energy and presented it to peers and
faculty.
Student 24: In my freshman intro to biomedical engineering class, we had to
design an intubation mannequin that met a lot of specifications, and then build
a prototype and give an ‘elevator speech’ to our lab group. My group won, and
so we went on to build an entire business plan and present it to the whole class.
This meant redesign of a more sophisticated model and looking at markets and
calculating return on investment, et cetera. It was a great learning experience,
both with regard to engineering and business. I felt recognized when we went on
to the final round and got a lot of positive feedback on our prototype.
Student 33: I really felt like an engineer during freshman year of college in which
an assignment in my statics class involved designing and building a tower out of
wooden dowels that could withhold about 20-30 pounds while also being as light
as possible. My partner and I were very successful in this project, and actually
won the competition as we were the group that were able to actually take the
assignment and think outside of the box.
These students saw more “legitimate participation” in engineering through ped-
agogy that can be implemented in the classroom. Instead of learning specific content
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knowledge or doing problem-solving exercises, these students felt like engineers by “do-
ing.” These projects involved designing and actually building specific prototypes based on
engineering fundamentals. The recognition component of their identity development was
realized through presentation or competition of their results. This external validation of
their product is the type of recognition experience that students actually internalize and
use in their construction of an engineering identity. This finding is consistent with other
work that showed that specific learning setting provide resources for the development of
subject-related identities [168].
Other students talked about ways they felt recognized as engineers outside of the
classroom:
Student 28: When my sorority was setting up for an event, some other members
couldn’t figure out how to set up the stage and one said “someone go get [name],
she’s an engineer, she can figure it out.” I felt recognized as an engineer because
she explicitly said it, and she also was referring to engineering in a positive way
which made me fee like my skills were appreciated.
Student 41: I am a Resident Assistant, and among my staff, whenever we have
team builders, they always say “the engineer! the engineer can figure it out!”
When peers saw these female students as a part of the engineering Community of
Practice, they felt recognized as engineers. The reputation that they were able to figure out
something or fix something based on their chosen career allowed these students to feel liked
they were engineers and belonged in that Community of Practice. Recognition of students as
engineers by their peers falls outside of their Community of Practice but still has significant
impact on how students feel a part of their engineering community. As students internalize
what others within and without their engineering Community of Practice say about their
identities as engineers, their sense of belonging within engineering develops. This finding
shows that when students talk about the influences of their peers in feeling recognized as an
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engineer, it can be students within their major, or friends that they interact with outside
of that community.
Engineering Choice
When describing the most important influences on choosing engineering, most stu-
dents described an interest in engineering, strong performance/competence beliefs and/or
interest in math and science, and the influence of family and teachers. These ideas largely
validate the previous findings in Chapters 5 and 6. The importance of math and physics
identities and agency beliefs as measures of students’ internal self-beliefs are important
for students’ choice of engineering. Additionally, the influence of family and teachers in
women’s choice of engineering was discussed in two studies in Chapter 6. Women’s physics
teachers and, even more than men, their chemistry teacher were important influences on
career choice. Additionally, the effects of occupational inheritance from parents and self-
efficacy beliefs derived from vicarious learning experiences of siblings which are familial
engineers is a significant predictor of engineering choice. Students’ qualitative responses
triangulate previous quantitative work. For example:
Student 14: I liked math and designing 3D models on computers, so it [engi-
neering] seemed like the best fit.
Student 15: I have always loved problem solving and the feeling you get when
you help people fix something or make something better. Engineering is a perfect
way to implement those skills.
Student 6: I really, really enjoyed chemistry and math in high school. A career
that often came up when discussing these topics was chemical engineering. I
figured it was probably a good fit.
Student 34: [I chose engineering because of] my strength in mathematics, but
desire to apply it to more than teaching.
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Student 35: My dad is a Civil Engineer and I have always looked up to him as
my inspiration. My grandfather is also a Civil Engineer and co-owns a company
that my dad and other family members also work at. I have always wanted to
work with both my dad and grandpa.
Student 45: I look up to my dad and my mom’s cousin, who both really encour-
aged me to be and engineer.
Discussion
The connections of CEA that were seen in earlier research were validated and ex-
panded upon by the data collected here. Student narratives of their own identities are
inherently ego-centric. When asked to discuss how the feel like a “math person” or “physics
person,” students spoke about their interest, performance/competence, and/or the connec-
tions that they saw between that subject and everyday life. Only a few students who had
very strong math identities spoke about how they felt that other people saw them in that
way. Recognition as an identity construct takes into account a social aspect of identity
formation. Students’ identity development in STEM is influenced by the ways in which
they interact and participate with people and within a community. It is important in the
understanding of identity to take into account how students believe other see them. This
factor is more important in predicting students’ math and physics identities than either
performance/competence or interest alone, as demonstrated in Chapter 5. Additionally,
the concept of recognition is fundamental to a Community of Practice [169]. Human beings
are social creatures who have agency in the world around them. Recognition beliefs capture
this social aspect by considering what it means to belong and have a sense of community
membership. This membership is integral to part of individuals’ sense of affiliation or iden-
tification with certain communities and does have great impact on feelings of belongingness
and ultimately persistence [4, 42, 170]. However, recognition is not a regular part of stu-
dents’ self-constructed narratives about their own identity formation. This result may be
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due to the self focus of students’ personal narratives or the lack of the metacognitive ability
to reflect on how others make them feel a part of a community.
Students who spoke about their identity with respect to interest versus just per-
formance/competence had stronger identities. These narratives mainly occurred in a math
rather than a physics context. This finding is different from what was seen in the SEM
results. In that case, the path estimates for physics were larger than math for both men
and women. Students may have associated physics with engineering in high school since
physics is typically branded as a gateway course into engineering and may be presented as
applied science similar to students’ perceptions of engineering. However, students may find
college physics to fall short of these expectations. One student documented that he found
physics to be a class in which it is difficult to get a good grade, time consuming, or boring,
dull, or simply not fun [171]. These experiences may turn off students previously interested
in physics as it related to engineering and reduce their perceived physics identities over
time. Additionally, the culture and pedagogy of many physics classrooms turn off women
to physics [172]. Math, however, is a different community. Research has shown that women
taking mathematics courses are taught similar amounts of mathematics and receive grades
that are similar to (or better than) those of their male counterparts [173]. Additionally,
women currently comprise ∼43% of bachelor’s degrees awarded in math which is more than
double the fraction of degrees awarded to women in physics, 21% [89]. These representation
differences may be a reflection of the differences in attitudes in these two communities and
how students speak about who they see themselves as in math and physics. However, it is
important to note that tests of statistical difference between the path estimates of physics
and math identities predicting choice of engineering for women were not analyzed in the
SEM.
Understanding how women see themselves to be a physics person and the channels
through which that identity is limited can help address the representation issues of women
in engineering. Having a physics identity is important for both men and women to choose
engineering as a career, but women’s development of these identities seem to be limited
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by how they discuss what a physics identity means. Lack of interest and recognition in
their discourse points to lower physics identities and possibly lower engineering enrollment.
Students who desire to be competent in a subject but do not desire to take on subject-
related identities associated with membership in these communities often face difficulties in
the subject area and are turned off by the subject [174]. Capturing women’s interests and
beginning to recognize these students in the classroom may improve their identity, which
has been shown to have a positive impact on engineering choice. Additionally, increasing the
way in which women are recognized and internalize this recognition in math may improve
some of the representation issues for women.
Understanding how women feel recognized in engineering, which is also a signifi-
cantly underrepresented field, offers some practical findings for pedagogical reform in the
physics and mathematics classroom. Women describe recognition experiences as legitimate
participation in the community through projects in which they take on a leadership role
and experiences in which they make a valid contribution to the knowledge base. Because
physics and math are courses closely associated with an engineering degree, these ideas
could be incorporated into math and physics curricula with engineering-related projects
that incorporate the more abstract science and math being learned. This work addresses
Research Question 5 by describing how women identify with physics and math.
Women interested in engineering have more complex and varied agency beliefs than
previously identified. Agency beliefs in CEA are inherently social, as is identity, and having
agency within a Community of Practice allows students to not only craft who they see
themselves to be in a community but also imagine their intentional participation within
that community. Agency is at once the possibility of imagining and asserting a new self
in a community at the same time as it is about using one’s identity to imagine a new
and different community that is improved through one’s own legitimate participation [118].
Many individuals described these beliefs about their future participation in an engineering
Community of Practice to improve the world. This empowerment was involved in how
students described their reasons for choosing engineering as well as what they wanted to
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do with their intended careers. The concept of who women saw themselves as in the
future, as engineers, was aided and cemented by their beliefs that choosing a vocation in
engineering would fulfill their beliefs that they could make a positive change through their
own actions. These beliefs may be placed on a spectrum ranging from the broad, global
impact of engineering to the specific understanding of how choosing a career in biomedical
engineering can improve solutions for a sick mother.
The relationship between identity, agency, and Figured Worlds, of which a Commu-
nity of Practice is a specific type, has been documented by Holland and colleagues and is
shown in Figure 7.2 [117]. Figured Worlds are “socially and culturally constructed realm[s]
of interpretation in which particular characters and actors are recognized, significance is as-
signed to certain acts, and particular outcomes are valued other others” (p. 52) [117]. This
definition is an expansion of Lave and Wenger’s definition of a Community of Practice as
a way to identify social groups on the basis of participation in particular activities or prac-
tices [167]. A Community of Practice is a type of Figured World because actors within this
group do define their membership by their culturally constructed and accepted practices
of dialogue, actions, and values. However, a Figured World also emphasizes the abilities of
actors to “innovate, improvise and reconfigure the norms, the tools, the practices and all
aspects of their social and cultural lives” [117]. This work looks at a specific Community
of Practice, within engineering, and how students become a part of engineering culture and
reproduce community products, but also examines how agency plays a role in participation
and change in engineering.
Communities of Practice utilize students agencies to transform their identities. Their
identities, in turn, create possibilities for asserting changes in their Community of Practice
through agency. Agency in this conceptualization functions as an agential bridge between
identity and a Community of Practice. This concept has emerged in how student describe
who they see themselves to be within a context. Students who describe themselves as
recognized as engineers (i.e. participation in engineering Community of Practice) speak
of how they see engineering as a practical way to make the world better (i.e. agency).
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This idea, in turn, also feeds into who they see themselves to be and how they describe
themselves as engineers (i.e. identity). This agential bridging occurs in how students speak
about their recognition beliefs. These developed engineering identities have the potential to
empower students (e.g. agency) to change their Community of Practice for the better. This
agential bridging may be the mechanism by which students who develop a subject-related
identity begin to participate in a Community of Practice. Students form agency beliefs
about their chosen careers in nuanced ways, and many students speak of out of classroom
experiences as ways in which they form agency beliefs. While students form CEA within
a Community of Practice, their emergent agency beliefs are informed by their Community
of Practice and how involved they become. As students become more central players in a
Community of Practice, in part through recognition, their ability to envision participation in
the community in a meaningful way to change the world outside that community increases.
This positive feedback loop between students’ CEA and Community of Practice through
agential bridging emphasizes the importance of understanding a sociocultural perspective
in self-concept research.
Figure 7.2: Figure of agential bridging between Figured Worlds (Community of Practice)
and identity [117].
Specific examples of how this plays out in student narratives is through the ways
in which students describe feeling recognized as engineers. Women describe situations in
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which others say they are an engineer because they can “fix” or “do” something. Women
also felt recognized by being involved with engineering projects or working in an engineering
industry. Students also spoke of being prepared to do “real” engineering. The overarch-
ing theme of these descriptions is participation in the vocation of engineering. Students
who felt that they legitimately participated in engineering felt a part of that community.
These students also became empowered in engineering through their participation of seeing
themselves as engineers, an example of agential bridging.
This idea of how identities and Communities of Practice are linked is similar to
findings by Barton et. al on how identities are formed over time [175]. The process of
identity formation involves
the actions that individuals take and the relationships they form (and the resources
they leverage to do so) at any given moment and as constrained by the historically,
culturally, and socially legitimized norms, rules, and expectations that operate within
the spaces in which such work takes place (p. 38) [175].
Identity involves interacting within a Community of Practice with culturally norma-
tive behaviors. The negotiation of self-concepts must occur within these spaces which may
be supportive towards forming an identity or may deter identity development. Students’
agency beliefs are not only a way in which identity formation occurs, but it is the empow-
erment which allows women to form identities within a Community of Practice that may
have normative values and culture that do not promote the identities of underrepresented
groups. In turn, agency beliefs can empower students to make change within a Community
of Practice to improve the culture for future underrepresented students.
Conclusions
Critical Engineering Agency goes beyond an individual’s sense of self as a person
whose actions can make a difference to include actions aimed at social transformation that
are informed by engineering understandings and practices. The connections seen in the
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SEM in Chapter 5 have been triangulated through this study. Students who have improved
identities in math and physics speak more often about their interest than performance/com-
petence beliefs. While recognition is extremely important to identity development, students
do not intentionally discuss others in their own narratives. When asked explicitly about
recognition these students give deep and meaningful insight into how they feel recognized,
especially in engineering. Agency beliefs do play an important role in women’s engineering
choice, and the rich descriptions of how students view engineering as a way to make change
in the world is more meaningful and varied than previous measurements. Future work will
include creating new measurement items for agency beliefs that capture this diversity.
This chapter lends some insight into Research Questions 6 and 7. Women began
to describe how they viewed agency and what they could do with a career in engineering.
The breadth of student responses of ways in which women discuss agency beliefs and the
connections between identity and Communities of Practice create new insight into how
agency plays a role in the CEA framework. Women discuss in a limited way how they
formed their agency beliefs. Students who provided unsolicited discussions of agency beliefs
speak about how life experiences impacted their view of engineering as a way to make a
positive impact in the world. Follow up work with the case study in the next chapter will
lend deeper insight into how specific experiences may engender agency beliefs.
This chapter has shown that agency beliefs are more central to students’ CEA than
previously hypothesized. Agency beliefs function as a bridge between students’ identity and
involvement within a Community of Practice. Communities of Practice were previously
thought to facilitate identity formation, but student narratives have shown that students
connect their vocational community with their already held identities through their agency.
The findings of this work deepen the understanding of CEA and how the constructs of
identity, agency, and being a critic interplay with students in context. This context –
participation within an engineering community – was not captured in the model of how
identity and agency predict engineering choice. The lack of context in the quantitative
work simplifies the story of how students choose engineering based on high school subject-
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related identities and perceptions about what engineering can do for the world. This follow
up contextualizes student responses within engineering and gives deeper understanding to
how CEA empowers women to not only choose engineering but remain in engineering.
Fostering this this empowerment and self-beliefs in female students can begin to stem of




In addition to exploring the paths seen in the SEM model in Chapter 5, a qualitative
case study was conducted to see how a female student, Sara, identified at the end of her high
school studies as having high Critical Engineering Agency (CEA) navigates her engineering
studies and develops as an engineering student in college. Sara is an exemplar of a female
in engineering with high math identity and a strong belief that engineering can make a
positive change in the world. Understanding how she chooses engineering as a college
major and navigates her identity development and agency beliefs in engineering can provide
a transferable example of how this framework can be utilized to improve female students’
recruitment and retention in engineering.
Methods and Data Sources
The data for this study come from multiple sources and perspectives. This case
study provides insight into a particular issue, in this case, female choice of engineering,
and builds upon the theory of CEA [86]. Data were collected at three time points (Spring
2013, Fall 2013, and Spring 2014) as “snapshots” of Sara and her journey from high school
to an engineering major in college. During her senior year of high school, Spring 2013,
an abridged version of the SaGE survey and a face-to-face interview was collected (see
Appendix F). After beginning college, another interview was conducted towards the end
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of Fall 2013 (Sara’s first semester in college). Finally, a third interview was collected at
the end of her freshman year in the spring of 2014. Additionally, interviews with her high
school chemistry teacher (in Spring 2013 and Spring 2014) were collected. The interview
protocol for all of these interviews are contained in Appendix E. The methods for analyzing
these data sources is Directed Qualitative Content Analysis as described in Chapter 7. The
difference in this approach for Study 2 is the unit of analysis. Rather than concise questions
about the pathways seen in the SEM analysis, this data is a case study of Sara’s experiences.
In the engineering and science education research literature there are precedents for
the single case study approach [60,170,176]. A case study allows the reader “to experience
vicariously unique situations and unique individuals within our own culture” [177]. Case
studies emphasize detailed, contextual analysis of a limited number of events or conditions
and their relationships. A holistic, in-depth investigation can give an example of a how
the theory of Critical Engineering Agency actually affects the empowerment and decision-
making process of a single student. By understanding the exemplar, the theory can be
articulated and explicated.
8.1 Sara
Sara3 is an average height female with sandy blond, shoulder-length hair, brown
eyes, and a dry sense of humor. She comes from a rural town in the Midwest with fewer
than 4,000 residents. The population is predominately white with roots in a Swiss/German
heritage. The surrounding community consists of a proportionately large population of
Amish people. Sara fits within this conservative community as a wholesome teenager who
swam on her high school team. Her high school consists of approximately 400 students and
is housed in the same building as the middle school and elementary school. Trade classes
are offered through this rural high school as well and the percentage of students who qualify
for free/reduced lunch is 39%.
Additionally, her high school runs a unique integrated service project that helps to
3All names (persons and places) used in this analysis are pseudonyms used to protect participant identity.
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provide clean water to a developing nation. This program was started in response to an
urgent need for clean water in the wake of a devastating natural disaster which happened
around five years ago and was initiated by the students at her high school. One instructor
allowed two sections of his combined chemistry and physics class to develop committees
to address the research about why the water in this country was polluted, how to raise
money for this project, how to develop a system for creating clean water, and how to raise
awareness for this project. Over three semesters, the students researched and innovated
upon an existing membrane technology to create a portable water purifying system that
uses electro-chemistry to filter and purify 55 gallons per minute with chlorine made from salt
water, water, and solar energy. For the previous three summers before initially interviewing
Sara, this school had gone to this country to distribute the water purification devices and
train people how to use them.
This program has grown out of two sections of science classes to the entire curriculum
and culture of the school and community. Walking down the hallways, posters and bulletin
boards are displayed with members of the summer teams, support for this program, and
cultural descriptions in the social science halls. The science department head described the
involvement:
And so we started to see every discipline focus on water as kind of an anchoring
thread or on the [local] culture as kind of an anchoring thread....So the whole
community has gotten involved. Elementary kids, they learn about, um, sani-
tation and hygiene and so on from our high school kids who go into [country].
So it’s like oh, you’re doing that, well, then I’ll listen to you. My teacher I
wouldn’t listen to, kids, you know, I’ll listen to them. That celebrity kind of,
you know, impact. Um, and so our kids have become experts in water. They’ve
become experts in [country] and in cross-cultural stuff. And honestly we proba-
bly have people here, particularly some of our Amish probably have some water
issues that would still benefit from us, but sometimes you kind of have to do it
elsewhere before you bring it home because now you own the problem, you know,
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you’re willing to kind of come out of your comfort zone and go to your next door
neighbor and help out where maybe beforehand you wouldn’t so.
In this school context and environment, Sara developed an interest in engineering that began
late in her high school career – halfway through her Junior year. Originally, she planned on
finishing her high school degree a year early and directly entering the workforce. She saw no
point in getting an education and was uninterested in pursuing higher education. She points
to her AP Chemistry teacher, Michael, as the main influence on her decision to major in
engineering in college. Her teacher indicated that early in her high school career she was an
“at risk” student with a disrupted family life who was uninterested in learning, especially
in science. Through her interaction with the clean water program at her school over three
years and this teacher, she developed an interest in science and decided to finish out her high
school degree and pursue a college degree in engineering. Her case illustrates how a student
can develop CEA beliefs situated in context. This case is especially interesting because of
the significant changes in her attitudes, desires, and goals through her empowerment. Her
story, incorporating her decision to choose engineering, choice of college, and her freshman
year experiences and reflections, gives insight into how CEA can be developed in women
previously uninterested in engineering, even late in high school.
Choosing Engineering
Initial contact with Sara was suggested by her high school AP chemistry teacher,
Michael. He identified her as a student of interest to our research team because she had
become interested in engineering through her experiences in the clean water program and
her math and science classes. In her initial interview, Sara told me that she choose her
career in engineering because she liked chemistry and wanted to do something with it. By
talking to her chemistry teacher she figured out that she wanted to do engineering. She
stated, “I guess like for narrowing my, what I wanted to do, [Michael] was definitely like
the biggest factor in it.”
Michael began teaching at her high school four years prior to our interview to fill a
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gap in the chemistry department. The school had planned to change the chemistry program
to a computer based program or distribute it across the two science teachers already at the
high school. The superintendent told him that he could teach since he had a degree in
chemistry and worked in industry for 23 years. He agreed to fill the position temporarily
until someone could be hired, but ended taking the position permanently. He explained how
he guided Sara into her current engineering trajectory based on her interests and experiences
in the clean water program at her high school:
Sara, who I think you’re going to interview, she started out leaning towards,
um, quitting school and going into some sort of charitable work. Um, but she
realized that, well, she still wants to do that, but if she goes into the engineering
side, um, she thinks she can be much more effective. Like become a chem– she’s
looking at chemical engineering. So if I go in as a chemical engineer, I can still
do the charitable work but I can do my chemical engineering in a third world
country helping them develop their water systems which will affect many more
people and so, um, you know, so those types of conversations happen almost
daily really.
I asked him if he specifically guided students into engineering and science careers and he
stated:
I won’t say ‘I think you should be an engineer’. But I will say, ‘you know, hey,
there’s an opportunity here and then, um, [a nearby engineering university] has
a lot of engineering career days. Um, we’ve taken students over there to do,
just to see what it’s like, um, we just sent some kids to summer programs just
again to encourage them to see, you know, check this out, it might be something
you’re interested in.’ Last year I sent three, Sara was one of them, three girls
to the School of Technology at [this university], Engineering Technology, um,
and they spent three days. It was through the Women in Engineering program.
Um, so they spent three days there exploring technology careers. Um, so it was
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just the, so we encourage it [engineering careers], I guess, and support it and
that type of thing. We arrange funding if it’s needed. Um, many times we can
get scholarships for them from, the community here is just greatly supportive.
For instance, the [clean water] program, I’ve been told by three or four different
people in the community if a student can’t go because of money let us know.
You know, the career day, the last [engineering university] Career Day costs
each student $100, it goes more than a day, it’s a long weekend. Um, and there
were three students that probably wouldn’t have gone if somebody, you know, that
someone in the community has told us that anytime you need something just let
us know we’ll support that so. So it’s really been supportive and it’s good for
the, great for the kids, great for the community.
Sometimes, the argument is made by educators (especially post-secondary educa-
tors) that studying the choice of engineering in high school is “too late” for students,
especially women. Sara’s story illustrates that the choice of engineering is sometimes made
even in the last few months of a high school career. Her teacher, Michael, described how
her experiences with the clean water program at her high school sparked her interest in a
science-related career. She took on a leadership role in the clean water program, training
new students and working to solve installation issues. Each site offered a different challenge
of installing the piping correctly and ensuring that the system would work. These hands-on
and design experiences initiated the desire to use science in a positive way and motivated
Sara to begin to excel in school science. She saw her experiences as “practice” for her future
career.
When she took chemistry during her sophomore year with Michael, she “just got
it” and began to be interested in science and excelling in the course. This course changed
her attitudes towards learning, and she began to see knowledge as a way to better herself.
Through multiple conversations with her teacher, she developed an interest in learning. She
approached Michael in her junior year with the desire to pursue a degree in some “scientific
thingy” and through his influence, she explored the options available to her in science and
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engineering programs. She wanted to take the parts of high school that she was enjoying
and use them in her life. She decided to choose engineering in her senior year based on her
discussion of Michael’s career in the manufacturing sector and her experiences in the clean
water program. By the time I met her in her senior year, she had chosen to pursue chemical
engineering and had applied to several engineering colleges.
Her teacher played a unique role in her choice of engineering. Michael was not
simply a science teacher at her school. He crossed traditional boundaries by being involved
in Sara’s life in formal education, the clean water program, and in Sara’s personal life.
Michael knew Sara from the summer after her freshman year in high school through the
clean water program and the two subsequent summer trips as well as functioning as her
chemistry teacher her sophomore and senior year of high school. Sara came from a disrupted
family and Michael became a father figure in her life. Michael had a daughter close in age
to Sara and she began to spend time at their house on a regular basis. He identified with
her struggles and desires to quit school. His life story paralleled hers in many ways. At
sixteen years old he wanted to drop out of high school but became interested in chemistry
and pursued a degree in it. He said that she was a unique case when she got excited about
chemistry and it just made sense to her. In other ways, she was a typical high school student
who enjoyed learning about things in which she was interested and did not enjoy or put
time into learning things she did not care about, like English. His influence in her life and
abilities to cross boundaries helped develop specific values and empowerment in Sara.
8.2 Identities
Sara excelled in her AP Chemistry class, making a 98 in her fall semester. She
spoke of her interest in chemistry as a deeper part of her enjoyment of learning that she
had developed:
I like chemistry as a whole so like there’s not like a particular, because like
each new thing I just like learning more about it. I like being in AP Chem now
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because we like go more into depth of where like chemistry was more just like on
the surface.
Additionally, her performance/competence beliefs were evident in her description that chem-
istry “just comes really natural.” She also felt recognized by her classmates, saying:
. . . everyone would come like the day before the test and like so ‘how do you do
this?’ And I was like okay, but, so I mean I guess I teach kids sometimes if they
need help.
Sara also spoke explicitly about her identity in math. When asked if she saw herself
as a math person, she replied, “Definitely.” On an abridged version of the SaGE survey, Sara
scored high (3 and 4 on an anchored scale from 0 to 4) for all of the math identity variables
including, “I see myself as a math person.” These constructs manifested themselves in her
discussion. She talked about her interest in math in several different ways. She enjoyed
doing the calculations for her chemistry lab group in class and said, “Personally, I like doing
more like the calculation deal.”
She took a leadership role in her chemistry lab group in carrying out the calculations
because she understood them and was recognized by her group as the best math person.
. . . we normally do groups of three like we did today and like those two typically
work on that and then tomorrow [she was missing class because of a swim meet]
I would’ve basically done all like the calculations and stuff because like I just get
it and then they’ll like looking at it and they’ll like I do not get this at all. So
then, then I help out a lot of times.
Sara spoke of how she became interested in math and science in her interview. On
her survey, she marked that she was was less confident in math and science (3’s on an
anchored scale of 1 to 6) and less interested in math (2 on an anchored scale of 1 to 6) and
science (3 on an anchored scale of 1 to 6) in middle school (Appendix F). Her narrative
about how she became more interested in science and math illustrates the process of forming
the identities discussed:
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I used to get like B’s in math and science and I was like okay at it. And I felt
like I was decent but I just, it never fully, like I never just liked it a lot. And
I guess it was more like in middle school they taught you like yeah, the earth
is, has so many layers and you have rock soil and all this stuff and I was like
I don’t care what the soil is, like I do, but I don’t....And by the time I got into
eighth grade it was just like I know I should know this but I don’t. And then
whenever I got into high school it was just like oh, this is a different way to look
at things. This is like you can use math to like figure out things and you can
see how things move and work and function and like whatnot. So I guess, I was
just a lot more interested and whenever I’m interested then I like put my time
in like, like everyone does and so, I mean, I guess that’s what the difference
is. I don’t know. In eighth grade our math teacher was really good so then like
I started liking math like a lot better then. And then, like algebra came really
easily to me and then after that I just started excelling both in the science and
math department so. And then once I started excelling then I like liked it a lot
better because I don’t like to do things that I’m not good at so.
This cycle illustrates the paths seen in the SEM in Chapter 5 and the connections
seen in the open-ended surveys in Chapter 7. A lack of interest in middle school in her
science courses prevented an identity development in science. As the content of her courses
changed in high school to become more interesting to Sara, her desire to be that type of
person increased. She did better in those courses, increased in her confidence in learning
the material and developed specific science and math identities. This narrative also shows
that while identity is a quasi-trait that is relatively stable over time, it can be influenced
and changed as a result of experiences in and out of the classroom. The snapshot of identity
and it’s effect on choice of engineering in the CEA framework captures the relationships
between interest, performance/competence, and recognition in identity.
Sara had not taken physics in high school. When asked about what it means to be
a physics person she told me:
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I guess how things work and move. I don’t know, I don’t know too much about
physics since I have never taken it, but I don’t know. I’ve heard about things that
they do and just how reactions and stuff and how things actually, the physics of
them or whatnot, I don’t know. As I am, I don’t know too much. I mean, I don’t
know. I obviously don’t know too much about physics because, yeah, I mean, I’m
going to have to take it someday and then I’ll learn.
Her plans were to take a physics course in college as a part of her engineering degree. While
she did not take a physics course during this study, future time points can illustrate how she
forms a physics identity alongside her chemistry, science, and math identities while forming
an engineering identity.
8.3 Agency Beliefs
Because of her involvement in the clean water program at her high school, Sara
desired to pursue a career that would make a difference in the world. The influence of her
high school chemistry teacher steered her toward engineering as a career that would allow
her to pursue a college degree and fulfill that purpose. This desire to affect positive change
in the world and empower a choice of engineering is a prime example of how agency beliefs
can empower women to choose a career in engineering.
Sara discussed her experiences in the clean water program and how that impacted
her view of people and their needs:
I went twice now to [country of the clean water project] with our school and, um,
we installed water purification systems there. And it was really neat because like,
I mean, I guess neat’s like, I don’t know, but I just, I was really impacted by like
how people live with, without water and stuff and like they just drink this like
dirty disgusting water and they think it’s okay. And like they stopped using our
purifiers for awhile because it didn’t taste the same because the water was clean
and just, it kind of amazed me in that. And then also how trashed it was. Like
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there was trash and just gross stuff all over. And it was devastating, like how, I
don’t know how people live, but I don’t even know where I would start to clean
that up because it’s everywhere and like the poverty and everything is terribly
sad to see.
This experience created the desire to address some of the needs that she saw through this
program in her career:
It [experience with the clean water program] definitely led me to like want to do
something and like especially with the water purification system, like we created,
like we didn’t create the system but we definitely like renovated it and made it
better and more efficient, like it purifies water a lot faster and better and lasts
a lot longer. And we figured out ways to, um, make the battery work like solar
panel stuff. So I mean, it kind of just showed me that I like doing that kind
of things and figuring out, and then like I can still help people but then design
things through my like potential career or science or what ever.
When asked about what she wanted to do with a career in engineering, Sara told
me that she wasn’t exactly sure what she wanted to do. She had considered a career in
chemical engineering due to the influence of her chemistry teacher:
And so I kind of was like okay, I want to do something in chemistry and then
like I talked to [Michael] some about what things I could do. And then, um, I
just, like I just kind of eventually through talking to [Michael] and stuff figured
out that I kind of want to do that [chemical engineering].
Sara also considered majoring in environmental engineering as a way to connect her expe-
riences in the clean water program with her plans for a future career:
I was thinking about doing the whole environmental engineer, I was thinking
maybe I could make something with wind mills and how they work efficiently and
like just making things. I mean, and it could be something even more complex
like, I don’t know, some, I don’t know.
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Her desire to be an engineer derived from what she could do with that career and not
necessarily for the career in and of itself. This manifestation of agency beliefs leading to
engineering choice shows in context how seeing engineering as a practical way to change the
world can increase female interest in an engineering career.
Additionally, Sara tied her science and engineering to the every day world. She saw
connections in how these interests and identities shaped the world around her:
I mean, most people don’t realize that like this is science or this is engineering
or this math or whatnot, but I mean, what I might be using is like someone
had to make a chair. They had to like engineer it, they had to use science and
chemicals making it. And so I think when you think about it, everything has to
do with science and math and whatnot.
Relating her science and engineering interests to her life and seeing these ideas as a route
to make an impact on the world is a rich and detailed example of how agency beliefs can
make engineering more attractive to students. The importance of agency beliefs for this one
woman corroborates the findings in Chapters 5 and 7. Sara’s story is a detailed example of
how this difference between men and women in choice of engineering can be manifested.
8.4 Mastery Orientation
In addition to the constructs seen from the CEA framework, other themes emerged
in Sara’s data. One of these themes was Sara’s mastery orientation. This orientation, drawn
from goal orientation theory in education psychology [178], is associated with an enjoyment
of learning and is a typeof intrinsic motivation. Students with a mastery orientation believe
that they have some control over factors related to learning. They believe that they can
learn, that hard work and efforts pays off, and that they have or can acquire strategies that
will help them learn. They do not give up easily when a learning task challenges them.
This theme emerged as essential to Sara’s success. Sara repeatedly talked about her
love of learning and interest in understanding how things work in real life. She speaks to the
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idea that if she works hard enough, she will eventually succeed. This sentiment is connected
to the idea of grit. Grit is the tendency to sustain interest in and effort toward long-term
goals. Students who develop grit are more resilient in the face of failure or adversity [179].
The emergence of these themes results from this particular student and the desire to fully
understand her affective states in relation to her engineering choice. Motivation and grit
are not the primary lenses used to analyze this work, but do add insight into the context
of Sara’s story. The development of a mastery orientation and grit towards science and
engineering has a positive impact on Sara’s potential success as she enters her first year of
engineering in college. She shows examples of her mastery orientation through her interview:
I mean, I’m not the kind of student that just takes something and then like forgets
about it. Like I actually want to learn everything because I do love learning. I
mean, I know high schoolers aren’t supposed to admit that or whatever, but I
mean, I like to learn more things, see how like why things happen, why they
are what they are. . . like a person’s never going to be mad about learning more
things. Like you can’t get upset that you know more stuff.
In order to satisfy this desire for knowledge, Sara spoke of her enjoyment of teaching
herself. Her high school chemistry classroom has a unorthodox model of learning: instead of
Michael disseminating knowledge in a teacher-centric style, he viewed himself as a guide to
learning and allows students to work through learning modules self-paced. This pedagogy
emphasized student responsibility for learning. Sara told me that she preferred this way of
learning:
I love it, like because I can come in here [the classroom], I don’t feel pressured
to get my work done but I, like I’m this type of student that like I will get my
stuff done, like I don’t know why it matters when I get it done as long as I do.
And that’s what I’ve never understood and [Michael] gets that. Like he says if
you want to fail this class you can fail it. But if you don’t then you better do
your packet, you better take the test and ask me questions. . . that’s probably my
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favorite part, the like freedom that, and like lack of, by having like lack of control
gives it more control I guess.
This desire to learn and persevere towards her goals allowed Sara to see engineering as a
viable choice of career even late in high school. Her desire to learn more connects to the
grit she possesses to passionately pursue her long-term goals. Being intrinsically motivated
rather than looking for outside approbation also let Sara choose a career in engineering by
seeing the connection between her interests, abilities in math and science, and desire to use
her experiences in clean water to make a change in the developing world. The connection
between these CEA constructs that unites her self-concept to her goals is her mastery
orientation.
8.5 Summer Experiences
During the summer between high school and college, Sara had two experiences that
helped cement her desire to continue engineering in college. First, she participated in the
clean water program with her high school for the third consecutive summer. She also
participated in an internship at her grandfather’s engineering company.
Sara’s experiences with the clean water program were formative in developing her
agency beliefs about a career in engineering. Part of her summer was spent bringing clean
water technology and training individuals in a more remote part of the country the project
works in than in previous trips. Sara described how this experience affected how she viewed
engineering in college:
Even though it was a very science [oriented trip], like it was with our science
department, I just wanted to go there to help people out. So, I mean it taught
me just like once again to like be thankful for what I have, and that you should
always help people, and, and then they liked helped me out with they changed me
and made me a better person, and like yeah. It’s a really neat thing.
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Additionally, Sara’s grandfather was a mechanical engineer who owned an engineer-
ing business in a nearby city. Sara spent part of her summer working at the firm and seeing
how engineering designs were conceptualized and fabricated into actual parts for cars. She
said that she was responsible for mostly office work and “menial tasks,” but that she did
obtain an understanding of what engineering was like which made her excited about starting
engineering in the fall:
It was really neat to see them [engineers] like you could actually see that they
were the ones who created it [part designs] and they were the ones who made
this and if they would like mess up or something then like something, like the
part wouldn’t be correctly made. Like it was cool to actually see how their work
was put into place. And so, that encourage me to keep going on to engineering.
She complained about having to be involved with all of the tedious tasks of standards and
just wanted to “do something.” When she spoke with Michael about this struggle and
how she just wanted to “do” engineering, he informed her that she was doing the job of a
first-year engineer. He explained how she had to do tasks that would help her understand
the industry and design process before she would be trusted with more responsibility. Her
grandfather additionally gave her similar advice. Over time, Sara began to see the value in
her experience and became excited about engineering through her internship. She summed
up her summer experiences by saying:
Going to [country with clean water program] definitely made me like start to
[want to be an engineer] and also my class in high school with Michael that
made me like just interested into it, and working like at the internship further
continued it, and then actually just being in college and experiencing it makes
me want to keep going.
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8.6 Pursuing Engineering in College
First Semester Fall 2013
The second interview with Sara took place near the end of her first semester in college
(Fall 2013). Originally, Sara had talked about pursuing a degree in chemical engineering
at a large, engineering-focused school. She ended up attending a small, private, religious
school. When asked why she chose this school instead of the one she had discussed earlier,
she described her competing interests. Sara wanted to continue her competitive swimming
in college. However, she was unable to compete on the team at the large, engineering college.
The school that she ended up choosing to attend offered her a full swimming scholarship
that made it possible to swim while pursuing an engineering degree and be cost effective.
Sara’s competing interests in her extra-curricular activity and interest in engineering caused
her to change her choice of college. She primarily chose the small college because she was
able to swim, not because of financial reasons. Additionally, the small college that she
did choose to attend did not have chemical engineering and had only a limited choice of
engineering programs. Sara was willing to compromise her intended major and pursue a
degree in geological engineering in order to pursue her competitive swimming.
This case illustrates how a student develops a variety of identities, not only school
subject-related identities. While subject-related identities in math and physics do statisti-
cally predict a choice of engineering, the findings for the SEM does not capture individual
experiences but rather the average effects for a broad population. Sara negotiated her iden-
tity as a swimmer in balance with her identity as a math and science person and a desire
to be an engineer. This case illustrates how the constructs of CEA do predict of choice of
engineering, but the quantitative measures do not richly capture the breadth of experiences
of individuals. The idea of competing interests is discussed tangentially in Osborne, Simon,
and Collins’ work. The authors state that behavior “may be influenced by the fact that at-
titudes other than the ones under consideration may be more strongly held” (p. 1055) [52].
Sara’s identity as a swimmer competed with her identity as an engineering student that led
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to a compromise in her choice of college.
Her choice to attend a different school than initially intended did significantly affect
Sara’s experiences in college. Because of the nature of the institution, she had to follow
certain procedures of attending chapel twice a week, following a dress code, adhering to a
curfew, and requesting to leave campus on the weekend. She did not expect to have limited
freedom in college, but rather to have the opportunity to make her own choices. While
she felt that she was getting a wonderful education and loved the opportunity to pursue
swimming in college, she did make some sacrifices to balance her competing interests. She
acknowledged that the stricter environment was “also probably good for me, just cause
even though rules can get really annoying it does keep me on task, keeps me out of trouble,
and stuff and whatnot.” She struggled with following the rules early on, but over time,
developed friendships and connections.
Since her college did not offer chemical engineering, Sara had to decide on a different
engineering discipline. She chose geological engineering, which is a new major at her college
because “I might as well try it out and see if I like it and I’m pretty much enjoying it.”
In her mind, geological engineering was the closest option to chemical engineering. This
choice of major may not be as spontaneous as may initially appear. Sara spoke often of
her experiences in the clean water program at her high school and how it affected her job
choice. She saw geological engineering as a way to bridge her college choice and interest in
using her high school experiences while attending a school that allowed her to swim:
I’m hoping to branch maybe off of geological engineering and kind of go into
environmental, but I mean I’m not fully positive that that’s what I want to do,
but right now that’s what my plan is. And just, maybe, maybe do something like
with the water part of it cause of like going to [country] and all that stuff cause
I really loved that. But, I’m not fully, completely positive yet, but that’s kind of
the plan.
She viewed her major choice not as the most important decision for her career, but it meant
choosing an engineering discipline that she liked and would allow her to make a difference.
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Some of the themes seen in Sara’s high school interview continued on into her first
interview in college. She showed a sustained strong math identity, agency beliefs, and
mastery orientation. Sara began taking calculus in college and, for the first time, struggled
with math concepts. She spoke about “actually having to study.” When asked about her
identity as a “math person” she responded:
I’ve been really struggling [in] my calculus class. So, this year has been like a
really big struggle for me in the math department which has been kind of like
confusing because I have always, like math has always been my strong suite, and
I’m like I’m not doing as well as I normally would, and then, it’s not necessarily,
and then I’m like trying and like studying hours upon hours for a test and stuff
which I have never done in math ever because I never had to, but I mean I still
think of myself as a like a math-based person it’s just been a lot harder.
Her description of struggling in math but still being a “math-based person” lends validity to
the idea of studying identity constructs longitudinally. Even though her performance/com-
petence in math has been challenged through her calculus course, her math identity remains
relatively intact. These observations show how identity can be thought of as a quasi-trait
which is more deeply held over time. Sara’s role identity does not fluctuate substantially
from moment to moment, but can still change over time.
When asked if she saw herself as an engineer, Sara responded that she was not
“smart enough as [she] needs to be.” Sara saw being an engineer as having the requisite
knowledge to function like the engineers at her grandfather’s company. While she was
developing as an engineer, she did not yet see herself as an engineer. This discussion is
consistent with conclusions drawn from the qualitative open-ended survey that students
do not regularly feel recognized as engineers through traditional coursework, but through
design and internship experiences where they function as engineers.
Sara continued to tie her engineering degree to her experiences with the clean water
program, showing her strongly-held agency beliefs about her choice of an engineering career
and specific coursework:
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And so I think whenever I do that [take a water-related class in geological engi-
neering] because I do know like some stuff from the past two years about just the
purification process and whatnot and how water works and, so I think whenever
I get to like those classes involving more of the like geological aspects that I think
that it will be more like relevant or whatever.
Seeing the connection between her coursework and her future career gave Sara the desire to
continue in engineering even though college was harder than she anticipated. She continued
to show her mastery orientation in the way she spoke about working to do well in all aspects
of her degree process:
I’ve like realized that if you are struggling in something, you just can’t stop and
not do anything, if I want to succeed I’m going to have. . . like even, even if I am
really good at a subject there’s always going to be something I don’t understand
that someone else might understand, and so I mean there’s nothing wrong with
going to get help. Like there’s. . . everyone struggles in parts of your major, I
mean, like that’s going to happen.
She also found the strength to continue in engineering despite adversity, a strong
example of grit:
Just cause I mean it’s one of my goals in life [being an engineer]. It’s something
that I think I would enjoy to do, and I could just see myself doing it and so, like
I guess, just because like I know that I can do it and like I’m not just gonna give
up on it.
The constructs and themes that cause Sara to be interested in engineering – her identity in
math and science, agency beliefs, and mastery orientation – also contributed to her desire
to stay in engineering. These themes of her narrative contribute to the holistic picture of
how CEA can not only empower women to choose engineering, but also empower women
to stay in engineering.
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Second Semester Spring 2014
In her second semester of college, Sara seemed less sure of her current situation at
her college. She ended up retaking her calculus class in the spring because she was not
happy with her grades in the course. She also said that her professor had a big influence
on her ability to understand the material:
I understand math really well, so I never have a problem. I just have to make sure
that I get someone who can teach me in a way that I can best understand. . . Um,
my other professor kind of assumed that we knew things and it’s one of his first
years teaching, so he still hasn’t, I don’t think fully learned, how to teach. So
this professor, he’s been teaching for like 20 years or something and he shows
like step by step things like shows exactly how to do it, gives lots of help and
like goes over homework, fully answers questions and stuff like that, so it’s been
really helpful.
Sara ended up taking chemistry instead of physics in the spring semester. Even
though her interest in chemistry initially sparked her desire to go into engineering, she said
that her chemistry courses in college were not what she expected. The professor did not
live up to her experiences in chemistry with Michael,
All the stuff, like I took chem and AP chem in high school and like a few weeks
ago I learned stuff that I was learning like the first or second week of Chem I in
high school, so like it’s kind of hard to remember all the way back then and I do
things harder than I mean to because I know more that what I’m supposed to,
but I’m doing alright.
She cited having more experience in chemistry as being frustrating her in current classes
because she over-complicated the problems with her advanced understanding. The lack of
rapport with her college professor also added to the disconnect between the subject material
learned in class and her deep love and interest of the subject when she took it in high school.
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In addition to math and chemistry, Sara took courses in engineering design and
computer programming. Despite having trouble with engineering software in the past, Sara
said that learning programming was more interesting than she expected and that she was
doing better in the course than she expected. However, her engineering design course did
not foster her interest in engineering. Instead, Sara viewed her engineering design course
as a barrier to overcome in order to reach the more interesting and relevant engineering
courses in her future:
I’ve heard that once I get past these introductory level classes they [upper level
engineering courses] are a lot different and better. It’s just kind of boring right
now. Cause I think it’s just the information and stuff. So, apparently it gets
better (laughs)
Despite the fact that she disliked her courses in engineering and thought that they were
boring, Sara was still set on continuing in engineering. She did admit thinking about
switching out of engineering, but dismissed that idea by focusing on the promise of future
engineering classes that she was told “will get better, so I am kind of stressing that.”
The reasons that she cited for thinking about leaving were the difficulties that she had
in learning the engineering design software that she was required to use as well as lack
of interest in her engineering design courses (which seemed focused on mechanical and
electrical engineering). Her focus on the other subjects that she enjoyed like geology and
chemistry as well as her desire to do something with a career in engineering prevented her
from seriously considering leaving. Additionally, the community that she had built with her
swim team and her engineering professors and students helped create a bond with her school
environment. She spoke about liking “the challenge” of engineering and how it “keeps me
working to be better and study more and stay on top of things.” Her grit and mastery
orientation helped keep her on an engineering path despite the difficulties she encountered.
When Michael was asked about where he saw Sara in the next couple of years, he
said that he did not expect her to continue her degree at the small engineering school in the
next year, but that she would probably transfer to a different school and major in chemical
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engineering rather than geological engineering. He also said that he did not see her being
an engineer in the “long-term.” As she started her major-specific courses with all of the
technical material, he expected her to be less interested in those areas. He saw her becoming
a high school chemistry teacher. One of the reasons he gave was when she was taking a
leadership role in the clean water program she would show students what she was saying
rather than telling them what to do. While Sara did explore this option in high school, she
rejected the idea, saying “I was worried about like money making, like I don’t want to just
be a teacher and stuff.” Michael said that he could see her being an engineer, but that he
had the feeling that she would end up in teaching eventually. In the future, continuing to
follow her career will offer additional information on these speculations about her future.
While her decision to stay in engineering seemed firm, Sara’s intentions to stay at
her college were more tenuous. She said that she was “kind of 50/50 right now. I am not
completely positive. I keep changing my mind to be honest. The chances are that I will
probably stay here, but I don’t fully know yet.” She struggled with her desire to continue
swimming and the deep friendships that she had made through that sport and her desire to
experience a “real college environment.” She spoke again about the possibility of switching
to a large engineering university in her home state but was torn because she “wouldn’t be
able to swim, but then [the engineering university] would be a really good academic college,
you know?” Sara had also developed close ties to her classmates and swim team in her
first year. These relationships along with her strong CEA, mastery orientation and grit
increased her desire to stay in engineering at her school.
When asked if she felt like an engineer, Sara said that she did not “know enough”
to be an engineer. Her discussion of what it meant to be an engineer involved a threshold
of knowledge that was important to the community. She said that compared to other
“kids” who had experience in programming or Autocad design, she was just a “newbie.”
She defined being an engineer as having a specific amount of knowledge measurable by
successful completion of certain coursework. While Sara did not feel like an engineer, she
talked about her contributions to engineering group design projects. While she appreciated
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her group members’ “different attributes coming together and things that are their strengths
in different group projects,” she felt that she specifically contributed to being “better at
the whole drawing parts and stuff and just like conceptual things like being able to see the
bigger picture of it.” When asked to reflect on her future track for engineering, Sara did not
have a clearer picture of what she wanted to accomplish. She just pictured herself working
in industry, creating and designing things with her requisite engineering knowledge.
Sara reflected back on possible barriers to her choice of engineering and how she
overcame some of the issues she saw as difficult for women in engineering. In her discussion,
she kept coming back to the influence of her chemistry teacher, Michael, on her choices:
I think that if I never would have gotten into chemistry I wouldn’t have gotten as
close with my chemistry teacher and that wouldn’t have happened I could have
been on a totally different path. . . I mean he helped me like chemistry a lot and
then just talking to him and then like well that and the influences of the clean
water program I knew I wanted to do something with geology or helping people.
And that and [Michael] helped connect those cause he like he has a degree in
chemical engineering and I was going to go for that
Sara’s connection with her chemistry teacher and his ability to connect her expe-
riences in the clean water program with her desire to help people and her enjoyment of
chemistry was the single most important influence on Sara in her career. When asked
about other influences like family or friends, having an engineer for a grandfather, money,
or moving from a small town, Sara did acknowledge those as important to her, but no one
else had the same impact on her as Michael did. She even spoke about how she felt different
in his classes and was not like the other women who were not interested in engineering. His
class structure fostered a crossing of the traditional barriers between student and teacher
to a mentoring relationship. Sara captured this in her description:
I was able to grasp onto that aspect of learning and that style of learning and I
just kind of thrived and what not. And, by doing that I had more time to get to
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know [Michael] better, and so I got to now more about him and engineering and
he told me that he thought I would be good at it.
Michael’s recognition of Sara as a student who “got it” and would be good at engineering
set her on a path to pursue a degree in engineering. He not only gave her the recognition
that she needed, but tied her desired outcome expectations to an engineering career. He
has repeatedly been cited as the pivotal player in her career choice and empowerment.
In the process of conducting research, the influence of the researcher on a participant
is an important aspect to consider. Did Sara’s reflection on her engineering identity, choice,
and progress affect those areas of her life? As a part of elucidating potential bias in the
data as well as member checking, Sara was asked if the researcher or research has had an
influence on her. Sara reflected by saying:
I mean like it’s [the research] made me, I guess, realize why I am in this field
and what I am doing and made me thing about if this is really what I want to do
and just like different aspects – that you can do something but not realize things
about why you are doing it, so there’s that. It kind of made me question it to
make sure that I fully want to do it? Am I going to be good at this? Is this what
I am going to be interested and enjoy going to work? I guess is this I want to
do?
She also said that while she questioned her choices, she felt that she was left with fewer
questions in the end than more.
Discussion
The study of Sara is a compelling case because it illustrates how fostering specific
self-beliefs and interactions can attract a women into engineering, even as late as the senior
year of high school. While this is one particular case than may not be exactly representative
of all students, it highlights one story of student success in the face of adversity. This story
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has implications for how engineering is represented as a discipline, what could make engi-
neering attractive for women, and the struggles students face in the first year of engineering
in college.
In this work, several different factors emerged as important for Sara’s empowerment
to change her course from potential dropping out after high school to choosing and remaining
in engineering in college. CEA played an important role in Sara’s engineering choice as a
major. Her interest in engineering and her decision-making process were propelled by her
interest in math and science, specifically chemistry in this case, as well as her desire to help
people and make a difference in the world through her actions. Her chemistry teacher crossed
boundaries from just being a high school teacher in the classroom setting to being a mentor,
clean water project leader, and father figure in Sara’s life. She credits him with connecting
her newly fostered interest in chemistry with her desire to help people with a career in
engineering. Not only did Michael give Sara counsel to find engineering, but he fostered her
interest and recognized her as a student capable of achieving great things. In her life, Sara
had not been recognized as a talented student interested in science, but Michael gave Sara
that kind of recognition. It went beyond simple acknowledgement of being able to complete
the work required for good grades. The recognition that Sara received involved connecting
her out-of-class experiences in the clean water program with her classroom experiences and
outcome expectations to tell her that she would “be good at it.” Michael was a change
agent for Sara to leverage her identities in math and chemistry with her agency beliefs
about engineering into an empowered choice. While the measured constructs of math and
science identities and agency beliefs were high for Sara on a quantitative scale, Michael tied
together these constructs and helped Sara actualize these ideas into an engineering major
choice.
Not only did Michael act as a change agent in Sara’s life for empowerment by
connecting her self-concept, he changed the positionality of his relationship in and out of
the classroom. By changing the power structure of how his class was taught in a guided
inquiry way, Michael became a guide in learning rather than the source of knowledge. He
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allowed students to participate in their knowledge acquisition and construction and broke
down the typical power structures of a classroom. This difference is evidenced by how
students address him, by his first name or even by nicknames, rather than “Mr.” and his
last name. The construction of this positionality within the classroom and the connections
drawn across students lives can be viewed through the lens of hybrid spaces.
Drawing from hybridity theory which “posits that people in any given community
draw on multiple resources or funds to make sense of the world” and that being “in-between
several different funds of knowledge and Discourse can be productive and constraining in
terms of one’s literate, social, and cultural practices,” Moje et. al [180] created the theory of
third or hybrid spaces in education. The third space is a crossing of the boundaries between
traditional school science and home or out-of-school experiences into a new hybrid space.
Hybrid spaces build bridges between the ways they know the world and the ways others
know the world. It also allows everyday resources to be integrated with disciplinary learning
to construct new literacy practices, ones that merge the different aspects of knowledge and
ways of knowing offered in a variety of different spaces. With the development of these
literacies, which can be related to performance/competence constructs, students can begin
to identify with disciplinary knowledge through their own experiences. These connections
foster student interest in the knowledge as well. Research on hybrid spaces has shown these
types of classroom environments foster hybrid identities and students’ agency to enact
knowledge for change within their communities [55,118,181].
Michael unconsciously created a hybrid space in his classroom through the integra-
tion of the clean water program and student autonomy in learning. His classroom prompted
students to negotiate their own learning and relate their experiences outside of the class-
room with canonical knowledge found in high school classroom environments. He also
asked students to take their learned knowledge and apply it to big picture problems such
as bringing fresh water to developing countries. The integration of the school, community,
and curriculum with the clean water program in a small town in the Midwest made for a
unique environment in which to study CEA. His unique role in Sara’s life allowed him to
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guide her in her identity and agency beliefs development within this hybrid space as well as
act as a role model for her empowerment and eventual choice of engineering. Sara plans to
use engineering to make an impact in the world directly due to her experiences at her high
school and within her chemistry classroom.
Similar to the findings of Chapter 7, other factors influenced Sara’s plans to stay
in engineering. The factors included competing interests, peripheral participation in a
Community of Practice, her mastery orientation, and her grit. While Sara had a strong
desire to choose engineering and the grit to persist in the program through her first year,
her love of swimming dictated the type of school she attended. She created deep friendships
with her swim team and valued the financial support that a swimming scholarship gave her
at a small, private religious school. However, she also chafed against the numerous rules
imposed on campus and felt that she was not having the college experience she expected to
have. Additionally, she changed her intended major from chemical engineering to geological
engineering based on the limited available programs at the school she attended. When
understanding engineering choice, it is important to understand other factors that may pull
students away from engineering or from their intended engineering plans. A strong physics
and math identity as well as highly developed agency beliefs may empower the choice of
engineering for women, but other interests may be stronger than those of engineering or
compete with a traditional engineering choice. Sara compromised and found an option that
let her pursue a degree in engineering while swimming in college.
Additionally, it is worth noting that Sara did not describe her first year as exciting
or interesting. She saw her first year engineering and math courses as stepping stones to
more interesting courses later in her major. Her lack of interest in many of the classes
caused her to put less effort into these activities and decreased her motivation to continue
in engineering. She did not have an identity as an engineer or engineering person from her
first interactions with an engineering Community of Practice. This finding does not mean
that engineering identity development can not occur in the first year of engineering courses,
but illustrates that students must have legitimate participation within a Community of
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Practice to come to identify with it. All of Sara’s descriptions about her participation and
recognition within her classes were devoid of true participation and only involved peripheral
activities. The lack of a sense of belongingness adds to many students decisions to leave
STEM [4]. Emphasizing projects in which students can feel like they are acting as engineers
in the first year may be vitally important to retaining students in engineering. Projects
that involve students’ agency beliefs as a part of that participation may have even more
impact for female students.
While Sara’s identity and enjoyment of engineering in her first year did not imme-
diately develop, she was determined to complete her degree in engineering. Despite many
women leaving engineering, she was not one of the students planning on exiting her degree
program. Sara’s focus on the ultimate outcomes of her degree (helping people and providing
clean water solutions) as well as her mastery orientation to learn everything contributed to
her determination to finish. She showed grit to stick with her choice of engineering. While
Michael voiced some doubts about whether she would complete her degree and in which
field that degree would be, Sara seemed resolute in her original decisions.
Sara’s case does illustrate how a student previously uninterested in STEM can be-
come empowered to pursue a career in engineering through the mechanisms found in CEA.
Future work to this study includes following Sara and other women through their trajecto-
ries in engineering in college to better understand how discipline-specific identities in science
and math as well as agency beliefs influence their experiences in engineering. Additionally,
more work into understanding how these self-beliefs morph into engineering self-beliefs over
time can help educators and researchers find ways to not only attract but retain women in
engineering.
Conclusion
This case study of Sara leaves us with unanswered questions. Although I believe that
the case study approach is important, I also believe that a wide-scale yet richly descriptive
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picture of the beliefs and experiences of women in situations like Sara is critical. This is
the story of how one woman’s experiences shaped her decision of engineering. Sara’s case
illustrates the power of identities, agency beliefs, and the role of change agents in students’
lives. It also shows that while many students are tracked into a STEM career as early as
middle school and many girls lose interest in math and science early [9], high school is not
too late for students to make engineering career decisions.
Furthermore, what might a science, math, or engineering class look like if we were
to take into account our understandings about female empowerment in engineering? How
might change the actors, the script, and the stage in STEM teaching and learning settings?
The role of Michael in Sara’s decision to choose engineering in college gives a powerful
example of how hybrid spaces can be created in a high school settings to empower women
in engineering. While this case is not generalizable to all students, it does give an example




This chapter discusses the overall findings of this dissertation, their implications for
high school and college educators, and possible directions for future research. There are
three main outcomes of this research. The first is the development and validation of an
explanatory structural equation model for Critical Engineering Agency (CEA). This model
provides a framework and lens for educators and researchers to understand how students’
self-beliefs influence engineering choice and how to interpret the relationship between their
identities and other self-beliefs. The second outcome is a model to understand how gen-
der influences students’ CEA. Gender differences in student perceptions about math and
physics identities and agency beliefs may provide researchers and educators an improved
understanding of why gender gaps continue to persist in engineering. Finally, the transfer-
able lessons from the qualitative studies add depth and explanatory power in understanding
how CEA empowers women to choose and persist in engineering within specific contexts.
These results provide a comprehensive picture of how this framework can be utilized in
understanding student self-beliefs for engineering choice. The following sections provide a
detailed outline of these outcomes and provide implications for researchers and educators.
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9.1 Addressing the Research Questions
This work addresses several research questions centered around empowering women
to choose and persist in engineering. Increasing the number of engineering graduates who
enter the work force by improving the college persistence rate, from ∼40% to 50% can
provide the one million new STEM graduates needed in the next decade. Increasing the
number of women who choose and remain in engineering can provide the changes required
to fill this gap [2]. Additionally, recruiting more underrepresented groups into engineering
can begin to add new and innovative insights into engineering design solutions. Women
who have become empowered and have developed their agency beliefs may be even more
poised to add to this active improvisation of cutting edge engineering solutions.
The first three research questions were answered by the quantitative components
conducted for this study. Supporting evidence and additional research questions were an-
swered by the qualitative components of this dissertation.
Research Question 1 : What are the relationships among students’ identities in high school
that predict the choice of engineering?
Physics and math identities have a mediated structure in the structural equation
models in Chapter 5 (Figure 5.2). Performance/competence beliefs are a direct
negative predictor of subject-related identity but, by being mediated by interest
and recognition, there is a significant, positive path. Interest and recognition beliefs
are important in predicting a subject-related identity. Recognition beliefs are the
single strongest predictor of identity. Physics identity is stronger in predicting the
choice of engineering than math identity, consistent with prior work that shows that
physics identities are the strongest predictor of engineering persistence in comparison
to chemistry, biology, or math identities [43].
157
Research Question 2 : How do students’ beliefs about how science and technology can impact
the world predict a choice of engineering?
Students’ agency beliefs are direct, significant, and positive predictors of the choice
of an engineering major (Figure 5.2). These estimates are similar in magnitude to
the estimates for physics and math identities predicting choice of engineering.
Research Question 3 : Are these beliefs (identity and agency) different for men and women?
While physics and math identities are important for both male and female students
in choosing engineering, they play a larger role for men than for women with esti-
mated coefficients in the structural equation model for men almost twice as large as
the estimates for women (Figure 5.3). Additionally, students’ beliefs about how sci-
ence and technology can impact the world (i.e. agency beliefs) are more important
for women than for men. As discussed previously, coupled with the finding from
Research Question 1, this has implications for how engineering is represented to po-
tential students. Instead of marketing engineering simply as being for students good
at math and science, the conversation needs to center around how an engineering
career can impact the world. This finding is consistent with calls to “change the
conversation” about engineering [182].
Research Question 4 : How well does Critical Engineering Agency as an explanatory frame-
work describe students’ choice of engineering?
Critical Engineering Agency explains a large portion of the variance, 20.1%, in the
choice of engineering (Chapter 5). Comprised of students’ self-beliefs alone with no
other background factors (e.g. prior experiences and performances) or other motiva-
tional constructs included, it has been shown that this theory can lend insight into
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how students’ affective states are important in their career choices. As educators,
there are many factors in students’ lives we can not influence: socioeconomic sta-
tus, race/ethnicity, gender, family support of STEM, familial engineers, etc. While
these factors do influence students in their engineering choice, students’ self-beliefs
can be influenced both in the classroom and in the hybrid spaces that sit at the
intersection of traditional pedagogical and external experiences (Chapter 7 and 8).
By understanding how CEA plays into engineering choice for students, practical
interventions can be designed to positive influence students’ identities and agency
beliefs which have a proven effect on engineering choice.
Research Question 5: How do women identify with physics and math?
Women identify with physics and math in different ways. Nearly all female engi-
neering students in the open-ended surveys (Chapter 7) displayed stronger math
identities than their physics identities. When describing how they felt like they
were a “math person” or a “physics person,” students talked about different sub-
constructs of identity (performance/competence beliefs, interest, and recognition
beliefs). Students describe their math identities in terms of performance/compe-
tence beliefs and interest. When describing physics identities, students focus more
on performance/competence beliefs while some spoke about connecting topics to
everyday life. Interest was missing from students’ narratives about physics identi-
ties. Conspicuously, recognition beliefs are missing from students’ narratives about
both math and physics identities. This finding is surprising given the results to
Research Question 1 showing recognition beliefs as the most important component
of identity. Since students’ narratives are inherently self-focused and without direct
questioning, recognition is often not explicitly discussed.
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Research Question 6: What do women believe they can do with engineering/science as a
career?
Women in engineering display strong agency beliefs. This finding in the qualita-
tive work is consistent with the SEM that predicts the choice of engineering will be
made at a higher rate for women with these beliefs. Students described their agency
beliefs with varying degrees of depth and personal affiliation (Chapter 7). While
almost all students described engineering as a way to benefit the world with spe-
cific examples when prompted, some women exhibited stronger agency beliefs even
when unprompted. Agency also played a central role in Sara’s decision to choose
engineering in college so she could continue to make a positive change in the world
(Chapter 8).
Research Question 7: What factors influence women’s identities and agency beliefs?
Women cited a variety of reasons for forming their agency beliefs. Some of the most
powerful examples were from women who saw engineering as a way to improves oth-
ers’ lives like it did their own (Chapter 7). One woman talked about her mother’s
health and how she chose biomedical engineering because her career could help other
people like her mom. Another woman described how she wanted to improve living
conditions for people in developing countries. These short accounts, along with
Sara’s story, show how personal experiences with transformative engineering exam-
ples can help develop these beliefs. These experiences typically involved students
operating in hybrid spaces between their school learning and their home learning.
Sara developed agency for choosing and improving engineering through her expe-
riences with the clean water program at her school (Chapter 8). She saw that her
individual contributions could make a difference in people’s lives and wanted to
continue that service in her career.
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Identities were shown to be formed in ways that are consistent with the framework.
Students mainly discussed interest and performance/competence beliefs when dis-
cussing their math and physics identities (Chapter 7). When describing the ways in
which they felt like engineers, students most often described instances of recognition
by peers or faculty. These experiences of recognition occurred when students felt
they had legitimately participated in an engineering Community of Practice. Ad-
ditionally, agential bridging, as described by Holland and colleagues [117], occurred
between students’ identities and their engineering Community of Practice.
9.2 Theoretical Implications
The Critical Engineering Agency framework has been successfully adapted from
Critical Science Agency. Critical Engineering Agency is important for understanding stu-
dents’, especially women’s, affective states and the process of choosing an engineering major.
Women’s retention in engineering is just as good or better than their male peers [3]. The
metaphor of a leaky STEM pipeline with talented students being lost at every transition
point has been used for years to describe attrition and underrepresentation in engineer-
ing. In the last decade, the pipeline in engineering at the college level seems to have been
patched. However, the attraction of women into engineering is still a vital need. Criti-
cal Engineering Agency helps to explain how engineering can be made more attractive for
women by helping them match their agency beliefs with an engineering future can begin
to stem that loss. Additionally, while it is important to recognize that math and physics
are important for engineers, realizing that too much of this messaging can turn off female
students is also important for increasing the number of women in engineering.
Despite this emphasis on recruitment, attending to the retention of women is still
vitally important for gaining new and talented engineering graduates. Their retention
can be better encouraged through the intentional development of a sense of belongingness
within engineering [34,113,175] rather than their agency beliefs. This identity development
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seems to occur through core involvement within an engineering Community of Practice.
Additionally, many students describe the development of their agency beliefs as occurring
in hybrid spaces that bridge their school environment and their community outside of school.
The concept of Figured Worlds focuses on understanding an individuals’ practice
of improvisation and innovation (e.g. agency, or students’ abilities to make choices or
changes) [183]. When studying CEA in situated contexts, people are actors who can author
their identities in specific Figured Worlds. For example, Sara authored her identity and
agency beliefs in a hybrid space of classroom experiences and her participation in her high
school’s clean water program. This development of her CEA was vitally important to her
choice of engineering. However, becoming a part of an developing a sense of belonging
within engineering after the decision to choose engineering in college is centered around
becoming a part of a Community of Practice. This finding emerged from students’ open-
ended responses to how they felt like they were engineers. The practice and education of
engineering students emphasizes professional training, and acquiring the specific knowledge,
discourse, and expertise to be an engineer is central for students. Sara emphasized this point
by saying that she did not feel like an engineer during her first year of coursework because
she doesn’t “know very much stuff yet” and is “not even close to as smart as I need to be.”
9.3 Practical Implications
Through this study, some practical implications for educators at the secondary and
post secondary levels have arisen. Additionally, some policies could be enacted at the
university level to improve the recruitment of women into engineering. Finally, future work
is highlighted by questions that are left unanswered by this work.
Students typically do not develop agency beliefs through traditional classroom peda-
gogy. Students need to interact within hybrid spaces that bridge their classroom knowledge
of science and math with their community, home life, and out-of-class experiences. Addi-
tionally, while students within engineering begin to have more learning experiences that tie
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their classroom knowledge with their everyday experiences due to the nature of living and
learning within an university or college community, they are missing the deep, participatory
experiences within engineering Communities of Practice.
Allowing students to have authentic participatory experiences in engineering early on
is crucial for developing this identity. Often, students do not have these design, internship,
or “application of knowledge” experiences until late in college. By that time, many of
the students who had tenuous ties to engineering may have already left the field [3, 4,
153]. By understanding how CEA functions in situated contexts, targeted interventions
into engineering Communities of Practice can be developed.
Increasing the number of STEM graduates is important for the United States’ eco-
nomic growth and success as well as the development of new and innovative engineering
solutions in a global economy. Specific branding for recruitment into engineering that is
especially helpful for women, and does not harm their male counterparts, has been found in
this work. Focusing on engineering as a career and way to change the world can help people
align engineering careers more with women’s outcome expectations. The SEM (Chapter 5)
and large multinomial regression model predicting engineering choice (Chapter 6) show the
need for developing this view of engineering.
9.4 Limitations and Recommendations for Further Research
This work draws data from a variety of sources to examine the full complexity
of CEA and affect on women’s empowerment to choose engineering. However, both the
quantitative and qualitative parts of this research have limitations due to the methodology
and types of data collected. All analyses and claims have been filtered through these
limitations.
In utilizing a cross-sectional survey design, the data gathered have some strengths:
large statistical power, national representativeness in the sample, and the ability to test hy-
potheses surrounding events that were introduced to students naturally rather than through
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an intervention. This study design also has certain weaknesses, notably including the in-
ability to draw causal conclusions. Rather, results are correlational in nature. The results
do indicate significant correlations between students’ responses and their choice of major,
but further work is necessary to develop a causal understanding of these relationships. For
example, in Chapter 6, students who indicated that they tinkered with things were more
likely to choose engineering. Students may see tinkering with things as important in ret-
rospect because of their interest in engineering as a major, or they may be led to choose
engineering because of their prior enjoyment of tinkering. The SEM model allows for struc-
tured regression that does put some directionality to the relationships between math and
physics identities, agency beliefs, and choice of engineering, but even this analysis can not
fully establish causality.
To address causality issues, qualitative follow-up studies were conducted. The open-
ended survey responses were often short and the data collection methodology did not allow
for the researcher to probe the answers. Only 46 students responded to the survey which
did not allow for the full breadth of student experiences to be cataloged. In the case study,
a rich and detailed narrative did emerge, but it was from the perspective of two individuals
on one students’ empowerment and choice of engineering. While Sara’s story is powerful,
it is not necessarily representative of an entire population. Insights into how to create
hybrid spaces to encourage interest in science and math and identity and agency beliefs
development can empower female students to choose engineering may be gleaned from this
work. The results may be transferable to other cases, but what worked in this narrative
may not necessarily work for many other individuals. This point is illustrated by other
female students in Sara’s chemistry class that participated in the clean water program and
had high math identities but did not choose engineering in college.
Finally, this work has a limited definition of diversity and gender. The construct
of gender is not a binary male or female in how students identify themselves. Instead,
it is a complex expression of one’s identity. The survey and subsequent identification of
students was based on a binary measure of biological sex (male or female) and not a more
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nuanced measure of gender expression. Additionally, while increasing the number of women
in engineering is vital, all women are not the same and should not be treated as homoge-
neous. For example, the experiences of a black woman in engineering may be different
than the experiences of a white or Hispanic woman in the same program. Future work in
identity development and CEA should include an analysis of students at the intersections
of race/ethnicity, gender, and sexual orientation. Considering inequalities along multiple
dimensions of race, class, gender, sex, and sexual orientation, it has been shown that sys-
tems of oppression interlock and interweave and that not all people who fall within these
intersections experience stigma and oppression the same way [184]. It has been noted that
it is difficult for individuals to separate issues from what are traditionally considered (by
others) to be two distinct aspects of their identity [185]. It is important to not only under-
stand general trends of how women choose engineering, but the experiences of individuals.
In Chapter 6, the large model built for engineering choice explained 42% of the outcome’s
variance, but much of the remaining 58% can be ascribed to the differences in individuals
through their personal experiences and decisions. A deeper understanding that goes beyond
the traditional definitions of gender is important future work precipitated by this study.
While CEA does explain a large portion of the variance in students’ engineering
choice (over one fifth), this theory solely using students’ self-beliefs does not explain all of
the factors that must influence students’ choices. Engineering choice has been shown to be
related to other background factors like family support for math and science, socioeconomic
status, and academic preparation in Chapter 6. These factors are important for understand-
ing how students choose engineering, however, the factors are difficult to change. Students’
self-concepts can be influenced by the types of environments, pedagogy, and recognition in
which they learn. Understanding CEA development over time within these situated con-
texts is an important aspect of CEA that has not yet been investigated. Most of the work
in Critical Science Agency has occurred at the middle school level [30, 31, 118, 175] within
science classrooms. To understand how engineering students develop CEA, future work
needs to focus on how students’ high school science and math identities and agency beliefs
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are affected by their engineering pedagogy and Communities of Practice.
Critical Engineering Agency as a framework is a useful affective lens for understand-
ing engineering-related behaviors and choices. With the focus of engineering education being
discussed by some educators and researchers as being equated with issues of equality, it is
imperative to understand how students are developing a sense of identification with engi-
neering both in high school and in college. This need is especially dire for students who
have been traditionally marginalized. The development of the CEA model and applica-
tion in mixed methods research adds to the current understanding how students, especially
women, choose engineering between high school and college and begin to develop an engi-
neering identity within a Community of Practice. Because of the complexity of students’
engineering choice in college, many avenues of research can be expanded through this frame-
work. As these areas of research grow, ways that educators and researchers can empower
women to choose engineering can be explored. Through these efforts and future research,
the issues of representation in engineering and the need for new STEM graduates can be ad-
dressed and meet the NSF’s vision to “capitalize on the rich diversity of human resources by
increasing the number of women, underrepresented minorities, and persons with disabilities

















Appendix B R Code for all Quantitative Statistical Analyses
load ( ”/home/agodwin/Dropbox/Work In Progres s /SaGE Data Round 01 (
F i n a l i z e d May 10 2013) . RData” )
names (SaGE)
l i b r a r y ( car )
l i b r a r y ( psych )
l i b r a r y ( sem)
l i b r a r y ( po lycor )
l i b r a r y ( lavaan )
### Test cons t ruc t o f pe r sona l / s o c i e t a l agency
attach (SaGE)
Agency2 <− as . data . frame ( cbind (Q29a , Q29b , Q29c , Q29d , Q29e , Q29f
, Q29j , Q29m, Q29n) )
detach (SaGE)
Agency2 <− na . omit ( Agency2 )
FactorAgency2 <− f a c t a n a l ( Agency2 , 2 , r o t a t i o n=”promax” )
FactorAgency2
### Creat ing I d e n t i t y Composites
Q27PhysRec=(SaGE$Q27Phys b+SaGE$Q27Phys c ) /2
Q27PhysInt=(SaGE$Q27Phys d+SaGE$Q27Phys g ) /2
Q27PhysCom=(SaGE$Q27Phys e+SaGE$Q27Phys f+SaGE$Q27Phys h+SaGE$
Q27Phys i+SaGE$Q27Phys j+SaGE$Q27Phys n) /6
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SaGE=cbind (SaGE, Q27PhysRec )
SaGE=cbind (SaGE, Q27PhysInt )
SaGE=cbind (SaGE, Q27PhysCom)
Q27MathRec=(SaGE$Q27Math b+SaGE$Q27Math c ) /2
Q27MathInt=(SaGE$Q27Math d+SaGE$Q27Math g ) /2
Q27MathCom=(SaGE$Q27Math e+SaGE$Q27Math f+SaGE$Q27Math h+SaGE$
Q27Math i+SaGE$Q27Math j+SaGE$Q27Math n) /6
SaGE=cbind (SaGE, Q27MathRec)
SaGE=cbind (SaGE, Q27MathInt )
SaGE=cbind (SaGE, Q27MathCom)
Q35Sci ar <− recode (SaGE$Q35Sci a , ”1=1; e l s e =0” )
Q35Sci br <− recode (SaGE$Q35Sci b , ”1=1; e l s e =0” )
Q35Sci cr <− recode (SaGE$Q35Sci c , ”1=1; e l s e =0” )
Q35Sci dr <− recode (SaGE$Q35Sci d , ”1=1; e l s e =0” )
Q35Sci er <− recode (SaGE$Q35Sci e , ”1=−1; e l s e =0” )




Q35SciRec=(Q35Sci ar+Q35Sci br+Q35Sci cr+Q35Sci dr+Q35Sci er+
Q35Sci f r ) /6
SaGE=cbind (SaGE, Q25SciInt )
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SaGE=cbind (SaGE, Q26SciCom)
SaGE=cbind (SaGE, Q35SciRec )
### Test cons t ruc t o f pe r sona l / s o c i e t a l agency
attach (SaGE)
Agency3 <− as . data . frame ( cbind (Q29a , Q29b , Q29c , Q29d , Q29e , Q29f
, Q29j , Q29m, Q29n) )
detach (SaGE)
Agency3 <− na . omit ( Agency3 )
FactorAgency3 <− f a c t a n a l ( Agency3 , 2 , r o t a t i o n=”promax” )
FactorAgency3







SaGE=cbind (SaGE, Q29NatureSci )
SaGE=cbind (SaGE, Q29Tech )
### Contro l s
Q40 r <− recode (SaGE$Q40 , ”1=1;2=0” )
Q31a r <− recode (SaGE$Q31a , ”1=1;2=2;3=3;4=4;5=5;6=NA” )
Q31b r <− recode (SaGE$Q31b , ”1=1;2=2;3=3;4=4;5=5;6=NA” )
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###Create binary outcome o f being and eng ine e r i ng (1 ) or a
s c i e n t i s t (0 )
temp1 <− recode (SaGE$Q3g , ’ 4=1; e l s e =0 ’ ) + recode (SaGE$Q3h , ’ 4=1;
e l s e =0 ’ ) +
recode (SaGE$Q3i , ’ 4=1; e l s e =0 ’ ) + recode (SaGE$Q3j , ’ 4=1; e l s e =0
’ ) +
recode (SaGE$Q3k , ’ 4=1; e l s e =0 ’ ) + recode (SaGE$Q3l , ’ 4=1; e l s e =0
’ ) +
recode (SaGE$Q3m, ’ 4=1; e l s e =0 ’ ) + recode (SaGE$Q3n , ’ 4=1; e l s e =0
’ )
eng <− recode ( temp1 , ’ 0=0; 1:8=1 ’ )
t a b l e ( eng )
temp2 <− recode (SaGE$Q3d , ’ 4=1; e l s e =0 ’ ) + recode (SaGE$Q3e , ’ 4=1;
e l s e =0 ’ ) + recode (SaGE$Q3f , ’ 4=1; e l s e =0 ’ )
s c i <− recode ( temp2 , ’ 0=0; 1:3=1 ’ )
t a b l e ( s c i )
###Assumption i f s a id eng and othe r s s t i l l counted as eng
compare <− c ( 1 : 677 2 )
compare [ s c i ==1] <−0
compare [ eng==1] <−1
compare [ s c i==0 & eng==0] <−NA
t a b l e ( compare , useNA=’ always ’ )
t a b l e ( eng , s c i )
### ABOVE a n a l y s i s i s not mutually e x c l u s i v e
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rm( compare )
compare <− c ( 1 : 677 2 )
compare [ s c i ==1] <−0
compare [ eng==1] <−1
compare [ s c i==0 & eng==0] <−NA
compare [ s c i==1 & eng==1] <−NA
t a b l e ( compare , useNA=’ always ’ )
t a b l e ( eng , s c i )
####Regres s ion with eng in e e r i ng s c a l e
engsc <− pmax(SaGE$Q3g , SaGE$Q3h , SaGE$Q3i , SaGE$Q3j , SaGE$Q3k ,
SaGE$Q3l , SaGE$Q3m, SaGE$Q3n)
t a b l e ( engsc , useNA=’ always ’ )
#Inc lud ing a l l ” i d e n t i t y ” p i e c e s with gender i n t e r a c t i o n s
summary( glm ( engsc ˜ Q40 r + Q31a r + Q31b r + Q27PhysRec +
Q27PhysInt + Q27PhysCom + Q27PhysRec : Q40 r + Q27PhysInt : Q40 r
+ Q27PhysCom : Q40 r
+ Q27MathRec + Q27MathInt + Q27MathCom + Q27MathRec :
Q40 r + Q27MathInt : Q40 r + Q27MathCom : Q40 r
+ Q25SciInt + Q25SciInt : Q40 r + Q26SciCom + Q26SciCom
: Q40 r + Q35SciRec + Q35SciRec : Q40 r , data=SaGE,
fami ly=gauss ian ) )
#Inc lud ing j u s t s i g n i f i c a n t items with gender
summary( glm ( engsc ˜ Q40 r + Q27PhysRec + Q27PhysInt + Q27PhysInt :
Q40 r + Q27MathRec + Q27MathInt + Q27MathCom + Q27MathInt : Q40
r + Q25SciInt + Q26SciCom , data=SaGE, fami ly=gauss ian ) )
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#without gender
summary( glm ( engsc ˜ Q27PhysInt + Q27PhysRec + Q27MathRec +
Q27MathInt + Q27MathCom + Q25SciInt + Q26SciCom , data=SaGE,
fami ly=gauss ian ) )
#Only i d e n t i t y p i e c e s that show s i g n i f i c a n c e with c a r e e r goa l s
summary( glm ( engsc ˜ Q40 r + Q31a r + Q27PhysInt + Q27PhysRec +
Q27MathRec + Q27MathInt + Q27MathCom + Q25SciInt + Q1b+Q1c+
Q1f+Q1g+Q1o , data=SaGE, fami ly=gauss ian ) )
#New model cho i c e o f eng in e e r i ng with Q1 c a r e e r goa l s
summary( glm ( engsc ˜ Q1a+Q1b+Q1c+Q1d+Q1e+Q1f+Q1g+Q1h+Q1i+Q1j+Q1k+
Q1l+Q1m+Q1n+Q1o , data=SaGE, fami ly=gauss ian ) )
#Inc lud ing only s i g n i f i c a n t c a r e e r goa l s
summary( glm ( eng˜Q1b+Q1c+Q1f+Q1g+Q1o , data=SaGE, fami ly=gauss ian ) )
#Only i d e n t i t y p i e c e s that show s i g n i f i c a n c e with c a r e e r goa l s
summary( glm ( engsc ˜ Q40 r + Q31a r + Q27PhysInt + Q27PhysRec +
Q27MathRec + Q27MathInt + Q27MathCom + Q25SciInt + Q1b+Q1c+
Q1f+Q1g+Q1o , data=SaGE, fami ly=gauss ian ) )
#Now add in agency items
summary( glm ( engsc ˜ Q40 r + Q31a r + Q31b r + Q27PhysInt +
Q27PhysRec + Q27MathRec + Q27MathInt + Q27MathCom + Q25SciInt
+ Q1b+Q1c+Q1f+Q1g+Q1o + Q29PerAg + Q29GlobAg , data=SaGE,
fami ly=gauss ian ) )
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#Try s c i s c a l e
s c i s c <− pmax(SaGE$Q3d , SaGE$Q3e , SaGE$Q3f )
#c r e a t e i d e n t i t y c o n s t r u c t s
mathid <− (SaGE$Q27MathInt + SaGE$Q27MathCom + SaGE$Q27MathRec) /3
physid <− (SaGE$Q27PhysInt + SaGE$Q27PhysCom + SaGE$Q27PhysRec ) /3
s c i i d <− (SaGE$ Q25SciInt + SaGE$Q26SciCom + SaGE$Q35SciRec ) /3
###Rerun models omitt ing c a r e e r outomes
summary( lm( engsc ˜ Q40 r + Q31a r + Q31b r + mathid + physid +
s c i i d + Q29PerAg + Q29GlobAg , data=SaGE) )
summary( lm( s c i s c ˜ Q40 r + Q31a r + Q31b r + mathid + physid +
s c i i d + Q29PerAg + Q29GlobAg , data=SaGE) )
###Removing n/ s items
summary( lm( engsc ˜ Q40 r + Q31a r + mathid + physid + s c i i d +
Q29PerAg , data=SaGE) )
summary( lm( s c i s c ˜ Q40 r + physid + s c i i d + Q29PerAg + Q29GlobAg ,
data=SaGE) )
###Find Beta c o e f f i c i e n t s
engmodel<−lm( engsc ˜ SaGE$Q40 r + SaGE$Q31a r + SaGE$Q31b r +
mathid + physid + s c i i d + Q29PerAg + Q29GlobAg)
lm . beta ( engmodel )
sc imode l<−lm( s c i s c ˜ SaGE$Q40 r + SaGE$Q31a r + SaGE$Q31b r +
mathid + physid + s c i i d + Q29PerAg + Q29GlobAg)
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lm . beta ( sc imode l )
#Recode
SaGE$Q40 r <− recode (SaGE$Q40 , ”2=0;1=1” )
SaGE$eng <− pmax(SaGE$Q3g , SaGE$Q3h , SaGE$Q3i , SaGE$Q3j , SaGE$Q3k
, SaGE$Q3l , SaGE$Q3m, SaGE$Q3n)
SaGE$Q35Sci ar <− recode (SaGE$Q35Sci a , ”1=1; e l s e =0” )
SaGE$Q35Sci br <− recode (SaGE$Q35Sci b , ”1=1; e l s e =0” )
SaGE$Q35Sci cr <− recode (SaGE$Q35Sci c , ”1=1; e l s e =0” )
SaGE$Q35Sci dr <− recode (SaGE$Q35Sci d , ”1=1; e l s e =0” )
SaGE$Q35Sci er <− recode (SaGE$Q35Sci e , ”1=−1; e l s e =0” )
SaGE$Q35Sci f r <− recode (SaGE$Q35Sci f , ”1=−1; e l s e =0” )
SaGE$Q41a r<−recode (SaGE$Q41a , ”1=1; e l s e =0” )
SaGE$Q41b r<−recode (SaGE$Q41b , ”1=1; e l s e =0” )
SaGE$Q41c r<−recode (SaGE$Q41c , ”1=1; e l s e =0” )
SaGE$Q41d r<−recode (SaGE$Q41d , ”1=1; e l s e =0” )
SaGE$Q41e r<−recode (SaGE$Q41e , ”1=1; e l s e =0” )
SaGE$Q41f r<−recode (SaGE$Q41f , ”1=1; e l s e =0” )
SaGE$Q41g r<−recode (SaGE$Q41g , ”1=1; e l s e =0” )
SaGE$Q41h r<−recode (SaGE$Q41h , ”1=1; e l s e =0” )
#Pul l data f o r j u s t sem
attach (SaGE)
engmodel1<−as . data . frame ( cbind ( Q27Phys d , Q27Phys g , Q27Phys b ,
Q27Phys c , Q27Phys e , Q27Phys f , Q27Phys h , Q27Phys i , Q27Phys
187
j , Q27Phys n , Q27Phys a , Q27Math d , Q27Math g , Q27Math a ,
Q27Math b , Q27Math c , Q27Math e , Q27Math f , Q27Math h , Q27Math
i , Q27Math j , Q27Math n , Q25a , Q25b , Q25c , Q25d , Q25e , Q26a ,
Q26b , Q26c , Q26d , Q26e , Q26f , Q26g , Q29a , Q29b , Q29c , Q29d ,
Q29e , Q29f , Q29j , Q29m, Q29n , eng , Q40 r , Q31a , Q31b , Q41a r ,
Q41b r , Q41c r , Q41d r , Q41e r , Q41f r , Q41g r ) )
attach ( engmodel1 )
names ( engmodel1 )
t a b l e ( engmodel1$eng , useNA=’ always ’ )
#MI f o r mi s s ingnes s
l i b r a r y ( Amelia )
a . out <− amel ia ( engmodel1 , m = 1)
summary( a . out )
imputeddata <− a . out $ imputat ions [ [ 1 ] ]
naimputed <− na . omit ( imputeddata )
save ( naimputed , f i l e = ”/home/agodwin/Dropbox/Work In Progress /
SEM/ imputat ions . RData” )
EngID . modelf <− ’
#bu i ld l a t e n t v a r i a b l e s
P i n t e r e s t =˜ Q27Phys d + Q27Phys g
Precogn i t i on =˜ Q27Phys b + Q27Phys c
Pcompetence =˜ Q27Phys e + Q27Phys f + Q27Phys h + Q27Phys i +
Q27Phys j + Q27Phys n
physid =˜ Q27Phys a
Minterest =˜ Q27Math d + Q27Math g
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Mrecognit ion =˜ Q27Math b + Q27Math c
Mcompetence =˜ Q27Math e + Q27Math f + Q27Math h + Q27Math i +
Q27Math j + Q27Math n
mathid =˜ Q27Math a
AB =˜ Q29a + Q29b + Q29c + Q29d + Q29e
#Latent v a r i a b l e r e g r e s s i o n s
P i n t e r e s t + Precogn i t i on ˜ Pcompetence
physid ˜ P i n t e r e s t + Precogn i t i on + Pcompetence
Minterest + Mrecognit ion ˜ Mcompetence
mathid ˜ Minterest + Mrecognit ion + Mcompetence
#Regre s s i ons
eng ˜ mathid + physid + AB
#Covar iances
physid ˜˜ mathid
P i n t e r e s t ˜˜ Precogn i t i on
Minterest ˜˜ Mrecognit ion
’
f i t e n g f <− sem(EngID . modelf , data=naimputed , std . l v=TRUE,
es t imator=”MLM” )
summary( f i t e n g f , f i t . measures=TRUE, s tandard i zed=TRUE)
f i tMeasure s ( f i t e n g f , f i t . measures=” a l l ” )
i n s p e c t ( f i t e n g f , what=” r2 ” )
modindices ( f i t e n g f )
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#gender t e s t i n g l ook ing f o r mod i n d i c e s > 3 .841
f i t g e n d e r <− sem(EngID . modelf , data=engmodel1 , std . l v=TRUE,
miss ing=” f i m l ” , group=”Q40 r ” )
summary( f i t g e n d e r )
f i tMeasure s ( f i t g e n d e r )
f i t g e n d e r 2 <− sem(EngID . modelf , data=engmodel1 , std . l v=TRUE,
miss ing=” f i m l ” , group=”Q40 r ” , group . equal=” l oad ing s ” )
summary( f i t g e n d e r 2 )
mi <− modindices ( f i t g e n d e r 2 )
mi [ mi$op==”=˜” , ]
f i t g e n d e r 3 <− sem(EngID . modelf , data=engmodel1 , std . l v=TRUE,
miss ing=” f i m l ” , group=”Q40 r ” , group . equal=” l oad ing s ” , group .
p a r t i a l=c ( ” physid =˜ Q27Phys a” , ”mathid =˜ Q27Math a” , ”
Mcompetence =˜ Q27Math n” ) )
summary( f i t g e n d e r 3 )
f i t g e n d e r 4 <− sem(EngID . modelf , data=engmodel1 , std . l v=TRUE,
miss ing=” f i m l ” , group=”Q40 r ” , group . equal=c ( ” l oad ing s ” , ”
r e g r e s s i o n s ” ) , group . p a r t i a l=c ( ” physid =˜ Q27Phys a” , ”mathid
=˜ Q27Math a” , ”Mcompetence =˜ Q27Math n” ) )
summary( f i t g e n d e r 4 )
mi2<−modindices ( f i t g e n d e r 4 )
mi2 [ mi2$op==”˜” , ]
f i t g e n d e r 5 <− sem(EngID . modelf , data=engmodel1 , std . l v=TRUE,
miss ing=” f i m l ” , t e s t=” s a t o r r a . b e n t l e r ” , group=”Q40 r ” , group .
equal=c ( ” l oad ing s ” , ” r e g r e s s i o n s ” , ” lv . cova r i ance s ” ) , group .
p a r t i a l=c ( ” physid =˜ Q27Phys a” , ”mathid =˜ Q27Math a” , ”
Mcompetence =˜ Q27Math n” , ”eng ˜ physid ” , ”eng ˜ mathid” , ”
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eng˜AB” ) )
summary( f i t g ende r5 , f i t . measures=TRUE, s tandard i zed=TRUE)
i n s p e c t ( f i t g ende r5 , what=” r2 ” )
mi3<−modindices ( f i t g e n d e r 5 )
mi3 [ mi3$op==”˜˜” , ]
measurementInvariance (EngID . modelf , data=engmodel1 , group=”Q40 r ”
)
#Al l cova r i ance s are not s i g n i f i c a n t l y d i f f e r e n t t h e r e f o r the
f i t g e n d e r 5 g i v e s the c o r r e c t model
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R output for final model for all students
lavaan (0.5-13) converged normally after  56 iterations
  Number of observations                          6772
  Estimator                                         ML      Robust
  Minimum Function Test Statistic            12506.057   10062.808
  Degrees of freedom                               331         331
  P-value (Chi-square)                           0.000       0.000
  Scaling correction factor                                  1.243
    for the Satorra-Bentler correction
Model test baseline model:
  Minimum Function Test Statistic           192685.724  181464.885
  Degrees of freedom                               378         378
  P-value                                        0.000       0.000
Full model versus baseline model:
  Comparative Fit Index (CFI)                    0.937       0.946
  Tucker-Lewis Index (TLI)                       0.928       0.939
Loglikelihood and Information Criteria:
  Loglikelihood user model (H0)             -237505.132  -237505.132
  Loglikelihood unrestricted model (H1)     -231252.103  -231252.103
  Number of free parameters                        103         103
  Akaike (AIC)                              475216.263  475216.263
  Bayesian (BIC)                            475918.780  475918.780
  Sample-size adjusted Bayesian (BIC)       475591.471  475591.471
Root Mean Square Error of Approximation:
  RMSEA                                          0.074       0.066
  90 Percent Confidence Interval          0.073  0.075       0.065  0.067
  P-value RMSEA <= 0.05                          0.000       0.000
Standardized Root Mean Square Residual:
  SRMR                                           0.036       0.036
Parameter estimates:
  Information                                 Expected
  Standard Errors                           Robust.sem
                   Estimate  Std.err  Z-value  P(>|z|)   Std.lv  Std.all
Latent variables:
  Pinterest =~
    Q27Phys_d         0.517    0.013   39.206    0.000    1.253    0.872
    Q27Phys_g         0.524    0.013   39.022    0.000    1.269    0.909
  Precognition =~
    Q27Phys_b         0.705    0.011   64.792    0.000    1.196    0.898
    Q27Phys_c         0.705    0.011   65.837    0.000    1.196    0.896
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  Pcompetence =~
    Q27Phys_e         1.247    0.011  116.100    0.000    1.247    0.888
    Q27Phys_f         1.223    0.011  112.238    0.000    1.223    0.877
    Q27Phys_h         1.248    0.010  120.656    0.000    1.248    0.906
    Q27Phys_i         1.263    0.010  123.331    0.000    1.263    0.914
    Q27Phys_j         1.085    0.013   84.653    0.000    1.085    0.777
    Q27Phys_n         0.944    0.014   68.237    0.000    0.944    0.704
  physid =~
    Q27Phys_a         0.559    0.010   58.659    0.000    1.331    1.000
  Minterest =~
    Q27Math_d         0.590    0.013   44.249    0.000    1.263    0.869
    Q27Math_g         0.616    0.014   44.239    0.000    1.317    0.908
  Mrecognition =~
    Q27Math_b         0.751    0.012   60.690    0.000    1.388    0.924
    Q27Math_c         0.695    0.012   60.430    0.000    1.285    0.899
  Mcompetence =~
    Q27Math_e         1.229    0.011  115.843    0.000    1.229    0.900
    Q27Math_f         1.231    0.011  116.185    0.000    1.231    0.881
    Q27Math_h         1.204    0.010  116.815    0.000    1.204    0.900
    Q27Math_i         1.208    0.010  115.863    0.000    1.208    0.907
    Q27Math_j         1.168    0.012   94.597    0.000    1.168    0.809
    Q27Math_n         0.900    0.014   65.057    0.000    0.900    0.701
  mathid =~
    Q27Math_a         0.590    0.010   58.699    0.000    1.481    1.000
  AB =~
    Q29a              1.075    0.012   91.800    0.000    1.075    0.813
    Q29b              1.078    0.011  100.795    0.000    1.078    0.893
    Q29c              1.106    0.010  108.367    0.000    1.106    0.918
    Q29d              0.926    0.012   74.518    0.000    0.926    0.787
    Q29e              0.971    0.012   83.376    0.000    0.971    0.806
Regressions:
  Pinterest ~
    Pcompetence       2.207    0.066   33.517    0.000    0.911    0.911
  Precognition ~
    Pcompetence       1.370    0.029   46.475    0.000    0.808    0.808
  physid ~
    Pinterest         0.360    0.024   15.284    0.000    0.366    0.366
    Precognition      1.008    0.033   30.353    0.000    0.718    0.718
    Pcompetence      -0.373    0.057   -6.525    0.000   -0.157   -0.157
  Minterest ~
    Mcompetence       1.890    0.052   36.393    0.000    0.884    0.884
  Mrecognition ~
    Mcompetence       1.554    0.034   45.387    0.000    0.841    0.841
  mathid ~
    Minterest         0.332    0.024   13.896    0.000    0.283    0.283
    Mrecognition      1.008    0.034   29.401    0.000    0.742    0.742
    Mcompetence      -0.213    0.054   -3.912    0.000   -0.085   -0.085
  eng ~
    mathid            0.072    0.007    9.850    0.000    0.181    0.123
    physid            0.164    0.008   19.514    0.000    0.391    0.267
    AB                0.279    0.017   16.169    0.000    0.279    0.190
Covariances:
  physid ~~




    Q27Phys_d         1.556    0.017   89.177    0.000    1.556    1.083
    Q27Phys_g         1.566    0.017   92.419    0.000    1.566    1.122
    Q27Phys_b         1.233    0.016   75.523    0.000    1.233    0.925
    Q27Phys_c         1.326    0.016   81.052    0.000    1.326    0.993
    Q27Phys_e         1.845    0.017  108.129    0.000    1.845    1.314
    Q27Phys_f         1.660    0.017   97.972    0.000    1.660    1.191
    Q27Phys_h         1.759    0.017  104.991    0.000    1.759    1.276
    Q27Phys_i         1.757    0.017  104.625    0.000    1.757    1.271
    Q27Phys_j         1.417    0.017   83.525    0.000    1.417    1.015
    Q27Phys_n         1.938    0.016  118.852    0.000    1.938    1.444
    Q27Phys_a         1.278    0.016   78.578    0.000    1.278    0.960
    Q27Math_d         1.912    0.018  109.162    0.000    1.912    1.316
    Q27Math_g         1.951    0.017  111.782    0.000    1.951    1.346
    Q27Math_b         1.962    0.018  107.392    0.000    1.962    1.307
    Q27Math_c         1.879    0.017  108.017    0.000    1.879    1.314
    Q27Math_e         2.338    0.017  140.792    0.000    2.338    1.711
    Q27Math_f         2.144    0.017  126.278    0.000    2.144    1.535
    Q27Math_h         2.256    0.016  138.807    0.000    2.256    1.687
    Q27Math_i         2.295    0.016  141.819    0.000    2.295    1.723
    Q27Math_j         2.065    0.018  117.693    0.000    2.065    1.430
    Q27Math_n         2.314    0.016  148.250    0.000    2.314    1.802
    Q27Math_a         1.896    0.018  105.488    0.000    1.896    1.280
    Q29a              2.407    0.016  149.492    0.000    2.407    1.819
    Q29b              2.336    0.015  158.967    0.000    2.336    1.935
    Q29c              2.276    0.015  155.084    0.000    2.276    1.888
    Q29d              2.452    0.014  171.259    0.000    2.452    2.084
    Q29e              2.234    0.015  152.419    0.000    2.234    1.854
    eng               1.247    0.018   69.781    0.000    1.247    0.849
    Pinterest         0.000                               0.000    0.000
    Precognition      0.000                               0.000    0.000
    Pcompetence       0.000                               0.000    0.000
    physid            0.000                               0.000    0.000
    Minterest         0.000                               0.000    0.000
    Mrecognition      0.000                               0.000    0.000
    Mcompetence       0.000                               0.000    0.000
    mathid            0.000                               0.000    0.000
    AB                0.000                               0.000    0.000
Variances:
    Q27Phys_d         0.496    0.014                      0.496    0.240
    Q27Phys_g         0.340    0.011                      0.340    0.174
    Q27Phys_b         0.344    0.013                      0.344    0.194
    Q27Phys_c         0.353    0.013                      0.353    0.198
    Q27Phys_e         0.417    0.011                      0.417    0.211
    Q27Phys_f         0.447    0.012                      0.447    0.230
    Q27Phys_h         0.341    0.010                      0.341    0.180
    Q27Phys_i         0.314    0.010                      0.314    0.165
    Q27Phys_j         0.773    0.019                      0.773    0.397
    Q27Phys_n         0.909    0.020                      0.909    0.505
    Q27Phys_a         0.000                               0.000    0.000
    Q27Math_d         0.517    0.016                      0.517    0.245
    Q27Math_g         0.367    0.013                      0.367    0.175
    Q27Math_b         0.329    0.013                      0.329    0.146
    Q27Math_c         0.394    0.013                      0.394    0.193
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    Q27Math_e         0.356    0.010                      0.356    0.190
    Q27Math_f         0.437    0.012                      0.437    0.224
    Q27Math_h         0.339    0.010                      0.339    0.190
    Q27Math_i         0.314    0.009                      0.314    0.177
    Q27Math_j         0.720    0.019                      0.720    0.345
    Q27Math_n         0.839    0.020                      0.839    0.509
    Q27Math_a         0.000                               0.000    0.000
    Q29a              0.595    0.015                      0.595    0.340
    Q29b              0.295    0.010                      0.295    0.202
    Q29c              0.229    0.008                      0.229    0.158
    Q29d              0.527    0.012                      0.527    0.380
    Q29e              0.508    0.013                      0.508    0.350
    eng               1.741    0.026                      1.741    0.808
    Pinterest         1.000                               0.170    0.170
    Precognition      1.000                               0.348    0.348
    Pcompetence       1.000                               1.000    1.000
    physid            1.000                               0.176    0.176
    Minterest         1.000                               0.219    0.219
    Mrecognition      1.000                               0.293    0.293
    Mcompetence       1.000                               1.000    1.000
    mathid            1.000                               0.159    0.159
    AB                1.000                               1.000    1.000
                   fmin                        chisq 
df                              pvalue 
                        0.923                     12506.057                       
331.000                         0.000 
                 chisq.scaled                     df.scaled                 
pvalue.scaled          chisq.scaling.factor 
                    10062.808                       331.000                         
0.000                         1.243 
               baseline.chisq                   baseline.df               
baseline.pvalue         baseline.chisq.scaled 
                   192685.724                       378.000                         
0.000                    181464.885 
           baseline.df.scaled        baseline.pvalue.scaled 
baseline.chisq.scaling.factor                           cfi 
                      378.000                         0.000                         
1.062                         0.937 
                          tli                          nnfi                         
rfi                           nfi 
                        0.928                         0.928                         
0.926                         0.935 
                         pnfi                           ifi                         
rni                    cfi.scaled 
                        0.819                         0.937                         
0.937                         0.946 
                   tli.scaled                   nnfi.scaled                    
rfi.scaled                    nfi.scaled 
                        0.939                         0.939                         
0.937                         0.945 
                   ifi.scaled                    rni.scaled                         
logl             unrestricted.logl 
                        0.945                         0.949                   
-237505.132                   -231252.103 
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                         npar                           aic                         
bic                        ntotal 
                      103.000                    475216.263                    
475918.780                      6772.000 
                         bic2                         rmsea                
rmsea.ci.lower                rmsea.ci.upper 
                   475591.471                         0.074                         
0.073                         0.075 
                 rmsea.pvalue                  rmsea.scaled         
rmsea.ci.lower.scaled         rmsea.ci.upper.scaled 
                        0.000                         0.066                         
0.065                         0.067 
          rmsea.pvalue.scaled                           rmr                    
rmr_nomean                          srmr 
                        0.000                         0.066                         
0.069                         0.036 
                  srmr_nomean                         cn_05                         
cn_01                           gfi 
                        0.037                       203.751                       
214.230                         0.919 
                         agfi                          pgfi                         
mfi                          ecvi 
                        0.894                         0.701                         
0.407                            NA 
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R output for gender comparison model
lavaan (0.5-13) converged normally after  60 iterations
                                                  Used       Total
  Number of observations per group         
  0                                               1283        2523
  1                                               1536        3041
  Estimator                                         ML      Robust
  Minimum Function Test Statistic             5857.105    4389.716
  Degrees of freedom                               705         705
  P-value (Chi-square)                           0.000       0.000
  Scaling correction factor                                  1.334
    for the Satorra-Bentler correction
Chi-square for each group:
  0                                           2734.041    2049.078
  1                                           3123.064    2340.638
Model test baseline model:
  Minimum Function Test Statistic            84569.654   80420.050
  Degrees of freedom                               756         756
  P-value                                        0.000       0.000
Full model versus baseline model:
  Comparative Fit Index (CFI)                    0.939       0.954
  Tucker-Lewis Index (TLI)                       0.934       0.950
Loglikelihood and Information Criteria:
  Loglikelihood user model (H0)             -95841.337  -95841.337
  Loglikelihood unrestricted model (H1)     -92912.785  -92912.785
  Number of free parameters                        163         163
  Akaike (AIC)                              192008.674  192008.674
  Bayesian (BIC)                            192977.569  192977.569
  Sample-size adjusted Bayesian (BIC)       192459.662  192459.662
Root Mean Square Error of Approximation:
  RMSEA                                          0.072       0.061
  90 Percent Confidence Interval          0.070  0.074       0.059  0.062
  P-value RMSEA <= 0.05                          0.000       0.000
Standardized Root Mean Square Residual:
  SRMR                                           0.054       0.054
Parameter estimates:
  Information                                 Expected
  Standard Errors                             Standard
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Group 1 [0]:
                   Estimate  Std.err  Z-value  P(>|z|)   Std.lv  Std.all
Latent variables:
  Pinterest =~
    Q27Phys_d         0.526    0.014   37.408    0.000    1.219    0.865
    Q27Phys_g         0.539    0.014   37.950    0.000    1.249    0.908
  Precognition =~
    Q27Phys_b         0.658    0.014   48.142    0.000    1.137    0.885
    Q27Phys_c         0.665    0.014   47.976    0.000    1.150    0.892
  Pcompetence =~
    Q27Phys_e         1.229    0.020   61.842    0.000    1.229    0.897
    Q27Phys_f         1.189    0.020   59.769    0.000    1.189    0.878
    Q27Phys_h         1.215    0.020   62.249    0.000    1.215    0.910
    Q27Phys_i         1.236    0.019   63.955    0.000    1.236    0.923
    Q27Phys_j         1.057    0.021   49.557    0.000    1.057    0.766
    Q27Phys_n         0.935    0.021   43.468    0.000    0.935    0.733
  physid =~
    Q27Phys_a         0.554    0.012   46.162    0.000    1.340    1.000
  Minterest =~
    Q27Math_d         0.599    0.015   40.927    0.000    1.278    0.882
    Q27Math_g         0.629    0.015   41.566    0.000    1.343    0.911
  Mrecognition =~
    Q27Math_b         0.718    0.015   48.437    0.000    1.388    0.913
    Q27Math_c         0.670    0.014   47.809    0.000    1.297    0.900
  Mcompetence =~
    Q27Math_e         1.275    0.020   63.191    0.000    1.275    0.909
    Q27Math_f         1.240    0.021   60.458    0.000    1.240    0.884
    Q27Math_h         1.246    0.020   62.955    0.000    1.246    0.918
    Q27Math_i         1.234    0.019   63.457    0.000    1.234    0.918
    Q27Math_j         1.196    0.022   53.326    0.000    1.196    0.822
    Q27Math_n         1.009    0.028   36.583    0.000    1.009    0.771
  mathid =~
    Q27Math_a         0.585    0.012   48.287    0.000    1.501    1.000
  AB =~
    Q29a              1.102    0.021   53.607    0.000    1.102    0.833
    Q29b              1.105    0.018   61.316    0.000    1.105    0.904
    Q29c              1.119    0.017   64.116    0.000    1.119    0.919
    Q29d              0.917    0.019   49.522    0.000    0.917    0.789
    Q29e              0.976    0.019   51.413    0.000    0.976    0.806
Regressions:
  Pinterest ~
    Pcompetence       2.089    0.066   31.490    0.000    0.902    0.902
  Precognition ~
    Pcompetence       1.410    0.041   34.548    0.000    0.816    0.816
  physid ~
    Pinterest         0.398    0.033   12.174    0.000    0.381    0.381
    Precognition      0.986    0.040   24.937    0.000    0.705    0.705
    Pcompetence      -0.376    0.073   -5.154    0.000   -0.156   -0.156
  Minterest ~
    Mcompetence       1.884    0.057   33.263    0.000    0.883    0.883
  Mrecognition ~
    Mcompetence       1.656    0.046   35.807    0.000    0.856    0.856
  mathid ~
    Minterest         0.357    0.031   11.585    0.000    0.297    0.297
198
    Mrecognition      0.972    0.039   25.154    0.000    0.733    0.733
    Mcompetence      -0.222    0.068   -3.276    0.001   -0.086   -0.086
  eng ~
    mathid            0.113    0.016    6.881    0.000    0.290    0.186
    physid            0.170    0.018    9.323    0.000    0.411    0.264
    AB                0.320    0.042    7.578    0.000    0.320    0.205
Covariances:
  physid ~~
    mathid            0.179    0.024    7.406    0.000    0.179    0.179
 
Intercepts:
    Q27Phys_d         1.785    0.039   45.373    0.000    1.785    1.267
    Q27Phys_g         1.827    0.038   47.574    0.000    1.827    1.328
    Q27Phys_b         1.512    0.036   42.161    0.000    1.512    1.177
    Q27Phys_c         1.571    0.036   43.673    0.000    1.571    1.219
    Q27Phys_e         2.143    0.038   56.045    0.000    2.143    1.565
    Q27Phys_f         1.983    0.038   52.430    0.000    1.983    1.464
    Q27Phys_h         2.035    0.037   54.590    0.000    2.035    1.524
    Q27Phys_i         2.040    0.037   54.558    0.000    2.040    1.523
    Q27Phys_j         1.663    0.039   43.137    0.000    1.663    1.204
    Q27Phys_n         2.108    0.036   59.180    0.000    2.108    1.652
    Q27Phys_a         1.557    0.037   41.598    0.000    1.557    1.161
    Q27Math_d         1.969    0.040   48.667    0.000    1.969    1.359
    Q27Math_g         1.978    0.041   48.060    0.000    1.978    1.342
    Q27Math_b         2.154    0.042   50.717    0.000    2.154    1.416
    Q27Math_c         1.991    0.040   49.455    0.000    1.991    1.381
    Q27Math_e         2.438    0.039   62.273    0.000    2.438    1.739
    Q27Math_f         2.272    0.039   58.020    0.000    2.272    1.620
    Q27Math_h         2.356    0.038   62.202    0.000    2.356    1.737
    Q27Math_i         2.366    0.038   63.059    0.000    2.366    1.760
    Q27Math_j         2.142    0.041   52.769    0.000    2.142    1.473
    Q27Math_n         2.349    0.037   64.278    0.000    2.349    1.795
    Q27Math_a         2.030    0.042   48.457    0.000    2.030    1.353
    Q29a              2.412    0.037   65.362    0.000    2.412    1.825
    Q29b              2.352    0.034   68.953    0.000    2.352    1.925
    Q29c              2.309    0.034   67.953    0.000    2.309    1.897
    Q29d              2.357    0.032   72.604    0.000    2.357    2.027
    Q29e              2.307    0.034   68.243    0.000    2.307    1.905
    eng               1.751    0.044   40.238    0.000    1.751    1.123
    Pinterest         0.000                               0.000    0.000
    Precognition      0.000                               0.000    0.000
    Pcompetence       0.000                               0.000    0.000
    physid            0.000                               0.000    0.000
    Minterest         0.000                               0.000    0.000
    Mrecognition      0.000                               0.000    0.000
    Mcompetence       0.000                               0.000    0.000
    mathid            0.000                               0.000    0.000
    AB                0.000                               0.000    0.000
Variances:
    Q27Phys_d         0.499    0.025                      0.499    0.252
    Q27Phys_g         0.332    0.019                      0.332    0.176
    Q27Phys_b         0.358    0.019                      0.358    0.217
    Q27Phys_c         0.339    0.019                      0.339    0.204
    Q27Phys_e         0.365    0.017                      0.365    0.195
199
    Q27Phys_f         0.421    0.019                      0.421    0.229
    Q27Phys_h         0.308    0.015                      0.308    0.173
    Q27Phys_i         0.265    0.014                      0.265    0.148
    Q27Phys_j         0.788    0.033                      0.788    0.414
    Q27Phys_n         0.754    0.031                      0.754    0.463
    Q27Phys_a         0.000                               0.000    0.000
    Q27Math_d         0.466    0.024                      0.466    0.222
    Q27Math_g         0.371    0.022                      0.371    0.171
    Q27Math_b         0.386    0.022                      0.386    0.167
    Q27Math_c         0.397    0.021                      0.397    0.191
    Q27Math_e         0.341    0.016                      0.341    0.174
    Q27Math_f         0.431    0.020                      0.431    0.219
    Q27Math_h         0.289    0.014                      0.289    0.157
    Q27Math_i         0.284    0.014                      0.284    0.157
    Q27Math_j         0.684    0.029                      0.684    0.324
    Q27Math_n         0.695    0.029                      0.695    0.405
    Q27Math_a         0.000                               0.000    0.000
    Q29a              0.534    0.025                      0.534    0.305
    Q29b              0.272    0.015                      0.272    0.182
    Q29c              0.229    0.014                      0.229    0.155
    Q29d              0.511    0.022                      0.511    0.378
    Q29e              0.514    0.023                      0.514    0.350
    eng               1.851    0.073                      1.851    0.762
    Pinterest         1.000                               0.186    0.186
    Precognition      1.000                               0.335    0.335
    Pcompetence       1.000                               1.000    1.000
    physid            1.000                               0.171    0.171
    Minterest         1.000                               0.220    0.220
    Mrecognition      1.000                               0.267    0.267
    Mcompetence       1.000                               1.000    1.000
    mathid            1.000                               0.152    0.152
    AB                1.000                               1.000    1.000
Group 2 [1]:
                   Estimate  Std.err  Z-value  P(>|z|)   Std.lv  Std.all
Latent variables:
  Pinterest =~
    Q27Phys_d         0.526    0.014   37.408    0.000    1.219    0.883
    Q27Phys_g         0.539    0.014   37.950    0.000    1.249    0.920
  Precognition =~
    Q27Phys_b         0.658    0.014   48.142    0.000    1.137    0.911
    Q27Phys_c         0.665    0.014   47.976    0.000    1.150    0.899
  Pcompetence =~
    Q27Phys_e         1.229    0.020   61.842    0.000    1.229    0.908
    Q27Phys_f         1.189    0.020   59.769    0.000    1.189    0.892
    Q27Phys_h         1.215    0.020   62.249    0.000    1.215    0.905
    Q27Phys_i         1.236    0.019   63.955    0.000    1.236    0.920
    Q27Phys_j         1.057    0.021   49.557    0.000    1.057    0.800
    Q27Phys_n         0.935    0.021   43.468    0.000    0.935    0.700
  physid =~
    Q27Phys_a         0.501    0.011   47.685    0.000    1.211    1.000
  Minterest =~
    Q27Math_d         0.599    0.015   40.927    0.000    1.278    0.877
200
    Q27Math_g         0.629    0.015   41.566    0.000    1.343    0.923
  Mrecognition =~
    Q27Math_b         0.718    0.015   48.437    0.000    1.388    0.935
    Q27Math_c         0.670    0.014   47.809    0.000    1.297    0.915
  Mcompetence =~
    Q27Math_e         1.275    0.020   63.191    0.000    1.275    0.919
    Q27Math_f         1.240    0.021   60.458    0.000    1.240    0.897
    Q27Math_h         1.246    0.020   62.955    0.000    1.246    0.908
    Q27Math_i         1.234    0.019   63.457    0.000    1.234    0.916
    Q27Math_j         1.196    0.022   53.326    0.000    1.196    0.826
    Q27Math_n         0.875    0.027   32.054    0.000    0.875    0.681
  mathid =~
    Q27Math_a         0.572    0.011   49.867    0.000    1.468    1.000
  AB =~
    Q29a              1.102    0.021   53.607    0.000    1.102    0.830
    Q29b              1.105    0.018   61.316    0.000    1.105    0.902
    Q29c              1.119    0.017   64.116    0.000    1.119    0.933
    Q29d              0.917    0.019   49.522    0.000    0.917    0.790
    Q29e              0.976    0.019   51.413    0.000    0.976    0.812
Regressions:
  Pinterest ~
    Pcompetence       2.089    0.066   31.490    0.000    0.902    0.902
  Precognition ~
    Pcompetence       1.410    0.041   34.548    0.000    0.816    0.816
  physid ~
    Pinterest         0.398    0.033   12.174    0.000    0.381    0.381
    Precognition      0.986    0.040   24.937    0.000    0.705    0.705
    Pcompetence      -0.376    0.073   -5.154    0.000   -0.156   -0.156
  Minterest ~
    Mcompetence       1.884    0.057   33.263    0.000    0.883    0.883
  Mrecognition ~
    Mcompetence       1.656    0.046   35.807    0.000    0.856    0.856
  mathid ~
    Minterest         0.357    0.031   11.585    0.000    0.297    0.297
    Mrecognition      0.972    0.039   25.154    0.000    0.733    0.733
    Mcompetence      -0.222    0.068   -3.276    0.001   -0.086   -0.086
  eng ~
    mathid            0.060    0.012    4.877    0.000    0.154    0.127
    physid            0.081    0.014    5.982    0.000    0.196    0.161
    AB                0.288    0.032    9.062    0.000    0.288    0.236
Covariances:
  physid ~~
    mathid            0.179    0.024    7.406    0.000    0.179    0.179
 
Intercepts:
    Q27Phys_d         1.183    0.035   33.571    0.000    1.183    0.857
    Q27Phys_g         1.202    0.035   34.734    0.000    1.202    0.886
    Q27Phys_b         0.866    0.032   27.195    0.000    0.866    0.694
    Q27Phys_c         0.996    0.033   30.536    0.000    0.996    0.779
    Q27Phys_e         1.465    0.035   42.420    0.000    1.465    1.082
    Q27Phys_f         1.265    0.034   37.170    0.000    1.265    0.948
    Q27Phys_h         1.394    0.034   40.695    0.000    1.394    1.038
    Q27Phys_i         1.393    0.034   40.600    0.000    1.393    1.036
    Q27Phys_j         1.094    0.034   32.461    0.000    1.094    0.828
201
    Q27Phys_n         1.720    0.034   50.521    0.000    1.720    1.289
    Q27Phys_a         0.888    0.031   28.731    0.000    0.888    0.733
    Q27Math_d         1.676    0.037   45.096    0.000    1.676    1.151
    Q27Math_g         1.751    0.037   47.158    0.000    1.751    1.203
    Q27Math_b         1.700    0.038   44.870    0.000    1.700    1.145
    Q27Math_c         1.637    0.036   45.255    0.000    1.637    1.155
    Q27Math_e         2.122    0.035   59.931    0.000    2.122    1.529
    Q27Math_f         1.932    0.035   54.781    0.000    1.932    1.398
    Q27Math_h         2.069    0.035   59.069    0.000    2.069    1.507
    Q27Math_i         2.135    0.034   62.085    0.000    2.135    1.584
    Q27Math_j         1.921    0.037   52.039    0.000    1.921    1.328
    Q27Math_n         2.221    0.033   67.737    0.000    2.221    1.728
    Q27Math_a         1.644    0.037   43.902    0.000    1.644    1.120
    Q29a              2.378    0.034   70.206    0.000    2.378    1.791
    Q29b              2.275    0.031   72.812    0.000    2.275    1.858
    Q29c              2.191    0.031   71.595    0.000    2.191    1.827
    Q29d              2.449    0.030   82.639    0.000    2.449    2.109
    Q29e              2.102    0.031   68.519    0.000    2.102    1.748
    eng               0.805    0.031   25.859    0.000    0.805    0.660
    Pinterest         0.000                               0.000    0.000
    Precognition      0.000                               0.000    0.000
    Pcompetence       0.000                               0.000    0.000
    physid            0.000                               0.000    0.000
    Minterest         0.000                               0.000    0.000
    Mrecognition      0.000                               0.000    0.000
    Mcompetence       0.000                               0.000    0.000
    mathid            0.000                               0.000    0.000
    AB                0.000                               0.000    0.000
Variances:
    Q27Phys_d         0.421    0.019                      0.421    0.221
    Q27Phys_g         0.281    0.016                      0.281    0.153
    Q27Phys_b         0.265    0.014                      0.265    0.170
    Q27Phys_c         0.312    0.016                      0.312    0.191
    Q27Phys_e         0.320    0.014                      0.320    0.175
    Q27Phys_f         0.365    0.016                      0.365    0.205
    Q27Phys_h         0.327    0.014                      0.327    0.181
    Q27Phys_i         0.279    0.013                      0.279    0.154
    Q27Phys_j         0.629    0.024                      0.629    0.360
    Q27Phys_n         0.907    0.034                      0.907    0.510
    Q27Phys_a         0.000                               0.000    0.000
    Q27Math_d         0.489    0.023                      0.489    0.230
    Q27Math_g         0.314    0.019                      0.314    0.149
    Q27Math_b         0.277    0.016                      0.277    0.126
    Q27Math_c         0.327    0.016                      0.327    0.163
    Q27Math_e         0.300    0.014                      0.300    0.156
    Q27Math_f         0.373    0.016                      0.373    0.195
    Q27Math_h         0.332    0.015                      0.332    0.176
    Q27Math_i         0.293    0.013                      0.293    0.162
    Q27Math_j         0.664    0.026                      0.664    0.317
    Q27Math_n         0.886    0.033                      0.886    0.537
    Q27Math_a         0.000                               0.000    0.000
    Q29a              0.549    0.023                      0.549    0.311
    Q29b              0.279    0.014                      0.279    0.186
    Q29c              0.187    0.011                      0.187    0.130
    Q29d              0.508    0.020                      0.508    0.376
202
    Q29e              0.493    0.020                      0.493    0.341
    eng               1.260    0.046                      1.260    0.847
    Pinterest         1.000                               0.186    0.186
    Precognition      1.000                               0.335    0.335
    Pcompetence       1.000                               1.000    1.000
    physid            1.000                               0.171    0.171
    Minterest         1.000                               0.220    0.220
    Mrecognition      1.000                               0.267    0.267
    Mcompetence       1.000                               1.000    1.000
    mathid            1.000                               0.152    0.152
    AB                1.000                               1.000    1.000
203
R output for modification indices allowing loadings to be freely estimated.  
Significant modification indices are  highlighted.
             lhs op       rhs group     mi    epc sepc.lv sepc.all sepc.nox
1      Pinterest =~ Q27Phys_d     1  0.646  0.005   0.012    0.008    0.008
2      Pinterest =~ Q27Phys_g     1  0.067 -0.002  -0.004   -0.003   -0.003
30  Precognition =~ Q27Phys_b     1  1.847  0.011   0.018    0.014    0.014
31  Precognition =~ Q27Phys_c     1  0.229 -0.004  -0.007   -0.005   -0.005
59   Pcompetence =~ Q27Phys_e     1  0.975 -0.011  -0.011   -0.008   -0.008
60   Pcompetence =~ Q27Phys_f     1  1.547  0.014   0.014    0.011    0.011
61   Pcompetence =~ Q27Phys_h     1  0.010 -0.001  -0.001   -0.001   -0.001
62   Pcompetence =~ Q27Phys_i     1  0.068 -0.003  -0.003   -0.002   -0.002
63   Pcompetence =~ Q27Phys_j     1  0.240  0.007   0.007    0.005    0.005
64   Pcompetence =~ Q27Phys_n     1  1.024  0.016   0.016    0.012    0.012
92        physid =~ Q27Phys_a     1  5.293  0.021   0.054    0.039    0.039
120    Minterest =~ Q27Math_d     1  0.648  0.006   0.012    0.008    0.008
121    Minterest =~ Q27Math_g     1  0.042 -0.001  -0.003   -0.002   -0.002
149 Mrecognition =~ Q27Math_b     1  0.037  0.001   0.003    0.002    0.002
150 Mrecognition =~ Q27Math_c     1  0.044 -0.001  -0.003   -0.002   -0.002
178  Mcompetence =~ Q27Math_e     1  0.805 -0.009  -0.009   -0.007   -0.007
179  Mcompetence =~ Q27Math_f     1  0.709 -0.009  -0.009   -0.007   -0.007
180  Mcompetence =~ Q27Math_h     1  0.002  0.000   0.000    0.000    0.000
181  Mcompetence =~ Q27Math_i     1  0.086  0.003   0.003    0.002    0.002
182  Mcompetence =~ Q27Math_j     1  0.607 -0.011  -0.011   -0.007   -0.007
183  Mcompetence =~ Q27Math_n     1  4.473  0.030   0.030    0.024    0.024
211       mathid =~ Q27Math_a     1  3.856  0.018   0.043    0.030    0.030
239           AB =~      Q29a     1  0.269  0.006   0.006    0.005    0.005
240           AB =~      Q29b     1  0.078  0.003   0.003    0.002    0.002
241           AB =~      Q29c     1  0.739 -0.008  -0.008   -0.007   -0.007
242           AB =~      Q29d     1  0.997 -0.012  -0.012   -0.010   -0.010
243           AB =~      Q29e     1  0.056 -0.003  -0.003   -0.002   -0.002
244    Pinterest =~ Q27Phys_d     2  0.950 -0.006  -0.014   -0.010   -0.010
245    Pinterest =~ Q27Phys_g     2  0.099  0.002   0.005    0.003    0.003
273 Precognition =~ Q27Phys_b     2  2.717 -0.013  -0.021   -0.017   -0.017
274 Precognition =~ Q27Phys_c     2  0.337  0.005   0.007    0.006    0.006
302  Pcompetence =~ Q27Phys_e     2  1.434  0.014   0.014    0.010    0.010
303  Pcompetence =~ Q27Phys_f     2  2.277 -0.017  -0.017   -0.013   -0.013
304  Pcompetence =~ Q27Phys_h     2  0.015  0.001   0.001    0.001    0.001
305  Pcompetence =~ Q27Phys_i     2  0.100  0.003   0.003    0.002    0.002
306  Pcompetence =~ Q27Phys_j     2  0.353 -0.009  -0.009   -0.007   -0.007
307  Pcompetence =~ Q27Phys_n     2  1.507 -0.019  -0.019   -0.014   -0.014
335       physid =~ Q27Phys_a     2  7.785 -0.026  -0.058   -0.048   -0.048
363    Minterest =~ Q27Math_d     2  0.953 -0.007  -0.014   -0.010   -0.010
364    Minterest =~ Q27Math_g     2  0.061  0.002   0.004    0.003    0.003
392 Mrecognition =~ Q27Math_b     2  0.055 -0.002  -0.003   -0.002   -0.002
393 Mrecognition =~ Q27Math_c     2  0.065  0.002   0.003    0.002    0.002
421  Mcompetence =~ Q27Math_e     2  1.184  0.011   0.011    0.008    0.008
422  Mcompetence =~ Q27Math_f     2  1.044  0.011   0.011    0.008    0.008
423  Mcompetence =~ Q27Math_h     2  0.002  0.000   0.000    0.000    0.000
424  Mcompetence =~ Q27Math_i     2  0.126 -0.003  -0.003   -0.003   -0.003
425  Mcompetence =~ Q27Math_j     2  0.893  0.013   0.013    0.009    0.009
426  Mcompetence =~ Q27Math_n     2  6.581 -0.036  -0.036   -0.027   -0.027
454       mathid =~ Q27Math_a     2  5.673 -0.021  -0.053   -0.036   -0.036
482           AB =~      Q29a     2  0.395 -0.008  -0.008   -0.006   -0.006
483           AB =~      Q29b     2  0.115 -0.003  -0.003   -0.003   -0.003
484           AB =~      Q29c     2  1.087  0.010   0.010    0.008    0.008
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485           AB =~      Q29d     2  1.467  0.014   0.014    0.012    0.012
486           AB =~      Q29e     2  0.082  0.003   0.003    0.003    0.003
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R output for modification indices allowing loadings and regressions to be freely 
estimated.  Significant modification indices are  highlighted.
             lhs op          rhs group     mi    epc sepc.lv sepc.all sepc.nox
7      Pinterest  ~  Pcompetence     1  0.060  0.005   0.002    0.002    0.002
16  Precognition  ~  Pcompetence     1  2.616  0.027   0.016    0.016    0.016
19        physid  ~    Pinterest     1  0.325  0.007   0.007    0.007    0.007
20        physid  ~ Precognition     1  0.235 -0.012  -0.008   -0.008   -0.008
25        physid  ~  Pcompetence     1  0.075  0.007   0.003    0.003    0.003
35     Minterest  ~  Mcompetence     1  0.171  0.007   0.003    0.003    0.003
44  Mrecognition  ~  Mcompetence     1  1.264 -0.018  -0.010   -0.010   -0.010
49        mathid  ~    Minterest     1  0.002 -0.001   0.000    0.000    0.000
50        mathid  ~ Mrecognition     1  2.779 -0.036  -0.026   -0.026   -0.026
53        mathid  ~  Mcompetence     1  0.267 -0.013  -0.005   -0.005   -0.005
57           eng  ~       physid     1  7.320  0.022   0.053    0.035    0.035
60           eng  ~       mathid     1  5.578  0.018   0.046    0.030    0.030
63           eng  ~           AB     1  4.010  0.040   0.040    0.026    0.026
97     Pinterest  ~  Pcompetence     2  0.088 -0.006  -0.002   -0.002   -0.002
106 Precognition  ~  Pcompetence     2  3.849 -0.032  -0.019   -0.019   -0.019
109       physid  ~    Pinterest     2  0.478 -0.009  -0.009   -0.009   -0.009
110       physid  ~ Precognition     2  0.346  0.014   0.010    0.010    0.010
115       physid  ~  Pcompetence     2  0.111 -0.008  -0.004   -0.004   -0.004
125    Minterest  ~  Mcompetence     2  0.251 -0.009  -0.004   -0.004   -0.004
134 Mrecognition  ~  Mcompetence     2  1.859  0.022   0.012    0.012    0.012
139       mathid  ~    Minterest     2  0.002  0.001   0.001    0.001    0.001
140       mathid  ~ Mrecognition     2  4.088  0.043   0.032    0.032    0.032
143       mathid  ~  Mcompetence     2  0.393  0.016   0.006    0.006    0.006
147          eng  ~       physid     2 10.769 -0.027  -0.065   -0.052   -0.052
150          eng  ~       mathid     2  8.206 -0.022  -0.055   -0.044   -0.044
153          eng  ~           AB     2  5.899 -0.048  -0.048   -0.039   -0.039
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Appendix C SEM Correlation Matrix
Q27Phys a Q27Phys b Q27Phys c Q27Phys d Q27Phys e Q27Phys f Q27Phys g Q27Phys h
Q27Phys a 1.000
Q27Phys b 0.836 1.000
Q27Phys c 0.796 0.805 1.000
Q27Phys d 0.738 0.694 0.710 1.000
Q27Phys e 0.664 0.628 0.668 0.721 1.000
Q27Phys f 0.695 0.648 0.669 0.706 0.823 1.000
Q27Phys g 0.742 0.683 0.702 0.792 0.727 0.749 1.000
Q27Phys h 0.655 0.617 0.660 0.647 0.799 0.775 0.745 1.000
Q27Phys i 0.686 0.647 0.680 0.682 0.798 0.786 0.760 0.851
Q27Phys j 0.632 0.627 0.670 0.602 0.650 0.657 0.675 0.718
Q27Phys n 0.513 0.475 0.515 0.512 0.622 0.619 0.575 0.660
Q27Math a 0.359 0.335 0.366 0.294 0.294 0.298 0.322 0.318
Q27Math b 0.360 0.397 0.408 0.312 0.321 0.329 0.339 0.351
Q27Math c 0.362 0.366 0.450 0.325 0.325 0.326 0.337 0.354
Q27Math d 0.348 0.330 0.347 0.422 0.319 0.334 0.380 0.335
Q27Math e 0.276 0.260 0.287 0.293 0.440 0.371 0.315 0.402
Q27Math f 0.276 0.259 0.281 0.280 0.369 0.423 0.308 0.370
Q27Math g 0.283 0.262 0.298 0.308 0.283 0.278 0.378 0.308
Q27Math h 0.236 0.227 0.268 0.253 0.367 0.336 0.298 0.439
Q27Math i 0.256 0.242 0.280 0.287 0.375 0.358 0.322 0.397
Q27Math j 0.259 0.260 0.298 0.266 0.324 0.324 0.306 0.359
Q27Math n 0.215 0.196 0.226 0.229 0.306 0.299 0.243 0.322
Q29a 0.313 0.303 0.308 0.389 0.326 0.339 0.350 0.311
Q29b 0.326 0.328 0.311 0.385 0.312 0.347 0.363 0.304
Q29c 0.344 0.339 0.339 0.399 0.324 0.362 0.377 0.323
Q29d 0.248 0.245 0.249 0.293 0.253 0.270 0.276 0.251
Q29e 0.324 0.331 0.324 0.368 0.300 0.330 0.343 0.293
eng 0.394 0.375 0.363 0.390 0.315 0.329 0.348 0.288
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Q27Phys i Q27Phys j Q27Phys n Q27Math a Q27Math b Q27Math c Q27Math d Q27Math e
Q27Phys i 1.000
Q27Phys j 0.741 1.000
Q27Phys n 0.662 0.558 1.000
Q27Math a 0.335 0.321 0.238 1.000
Q27Math b 0.375 0.370 0.262 0.852 1.000
Q27Math c 0.361 0.366 0.275 0.803 0.821 1.000
Q27Math d 0.343 0.315 0.257 0.732 0.693 0.703 1.000
Q27Math e 0.394 0.310 0.333 0.692 0.674 0.686 0.694 1.000
Q27Math f 0.377 0.307 0.307 0.717 0.685 0.692 0.676 0.827
Q27Math g 0.314 0.308 0.236 0.756 0.699 0.709 0.784 0.710
Q27Math h 0.380 0.323 0.333 0.681 0.662 0.680 0.643 0.805
Q27Math i 0.431 0.321 0.344 0.684 0.672 0.683 0.648 0.808
Q27Math j 0.365 0.431 0.325 0.666 0.675 0.677 0.605 0.699
Q27Math n 0.324 0.275 0.500 0.501 0.491 0.519 0.501 0.629
Q29a 0.325 0.281 0.297 0.226 0.238 0.251 0.286 0.267
Q29b 0.324 0.284 0.277 0.212 0.224 0.250 0.298 0.245
Q29c 0.346 0.324 0.295 0.212 0.228 0.248 0.286 0.231
Q29d 0.265 0.239 0.243 0.148 0.156 0.189 0.212 0.190
Q29e 0.318 0.308 0.276 0.198 0.213 0.231 0.259 0.201
eng 0.299 0.317 0.213 0.281 0.290 0.278 0.298 0.208
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Q27Math f Q27Math g Q27Math h Q27Math i Q27Math j Q27Math n Q29a Q29b
Q27Math f 1.000
Q27Math g 0.717 1.000
Q27Math h 0.775 0.715 1.000
Q27Math i 0.788 0.718 0.847 1.000
Q27Math j 0.689 0.674 0.732 0.758 1.000
Q27Math n 0.608 0.539 0.642 0.645 0.581 1.000
Q29a 0.254 0.239 0.254 0.266 0.228 0.238 1.000
Q29b 0.247 0.248 0.226 0.250 0.224 0.225 0.769 1.000
Q29c 0.236 0.236 0.220 0.244 0.229 0.218 0.741 0.826
Q29d 0.184 0.163 0.189 0.207 0.190 0.209 0.621 0.684
Q29e 0.216 0.212 0.203 0.220 0.223 0.209 0.629 0.691
eng 0.214 0.249 0.186 0.197 0.189 0.142 0.285 0.276
Q29c Q29d Q29e eng
Q29c 1.000
Q29d 0.725 1.000
Q29e 0.749 0.713 1.000
eng 0.288 0.176 0.279 1.000
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Appendix D Open-ended Survey Questions
What year are you in college?
What is your current major?
What was your intended major when you entered college?
Has your declared/intended major changed since you started college? If so, why?
Please describe the three most crucial influences (people, experiences, school-related sub-
ject, etc.) on your career choice in order of most to least important.
Please describe the characteristics (e.g. social, intellectual, technical, and other skills)
needed to be an engineer.
Do you see yourself as an engineer (anchored scale from “No, not at all” to “Yes, very
much”)
Describe three was in which you see yourself as an engineer?
What do you want to do with a career in engineering?
Describe a scenario/experience in which you felt recognized as an engineer. (If you haven’t
had a scenario/experience where you have been recognized as an engineer, state so.)
Describe three ways in which science and engineering can impact the world.
Describe three ways in which science and engineering can impact your life personally.
Do you see yourself as a math person? (anchored scale from “No, not at all” to “Yes, very
much”)
List three ways in which you see yourself as a math person.
Do you see yourself as a physics person? (anchored scale from “No, not at all” to “Yes,
very much”)
List three ways in which you see yourself as a physics person.
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Appendix E Case Study Interview Protocol
All inteviews followed a semi-structured interview protocol which allowed for follow-up ques-
tions and probing for deeper understanding.
Sara Interview Spring 2013
Class
What did you think about class today?
What about class do you enjoy?
Think about your favorite day in this class. Tell me about what happened during that day.
Think about one of your least favorite class days. Tell me about that.
What topics from the class interest you most? Why?
Do you talk about this class outside of class time?
Do you help other students in this class?
Have you ever looked up additional information outside of class?
How does this teacher compare to your other teachers?
Career Plans
What are your current plans for your career? How did you decide on that?
What other careers have you thought about? (looking for possible non-engineers)
Do you have a specific discipline in mind? (if indicated that they are interested in engineer-
ing)
Who encourages you toward your career goals?
Did any topics you discussed in class affect your career plans?
Identity
What does it mean to be a science person?
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Could anyone be a science person?
Are you a science person?
What does it mean to be a math person?
Reword if necessary...what are the characteristics of a math person
Could anyone be a math person?
Are you a math person?
What does it mean to be a physics person?
Could anyone be a physics person?
Are you a physics person?
Do physics people have other interests?
Do you have other interests?
Do your friends like physics? Think physics is cool? Think less of you for taking physics?
Care about their grades?
Do most students in your school like physics? Think physics is cool? Think less of you for
taking physics? Care about their grades?
What is engineering?
What do engineers do?
What could you do with a career in engineering?
Who can do engineering?
Agency
What can engineering and science do for our world?
Do you see science as relevant to your life?
Do think about science for fun?
Is it important to know chemistry/physics?
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PROBE for more info
Sara Interview Fall 2013
What school are you attending?
What is your major?
Why did you choose that school/major?
Perceptions of engineering what you thought? Different?
How was your experience with the clean water program this summer?
What did you do on that trip?
Was the trip different than before?
Take previous survey and look at attitudes (identities/agency beliefs)...how do you feel
about that now?
Probe for information on school structure, major structure, and other emergent ideas.
Sara Interview Spring 2014
How did you calculus class go last semester?
How do you feel about being a math person?
How is swimming going?
Are you taking physics this semester?
What other classes are you taking this semester?
How are they going?
Do you feel like an engineer?
Have you been recognized as an engineer?
Do you feel like you fit into your community? Your engineering community?
What do you plan on doing with your career in engineering?
What are your plans for next year?
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Do you plan to stay at your school for the upcoming year?
What are your plans for the summer? (internship, clean water program, etc.?)
What would have been some of the barriers to you pursuing engineering? (How could your
story have been different?)
Has talking about your decision process and career path with me changed your view or
decision of engineering?
Michael Interview Spring 2013
How do you discuss sustainability topics (e.g. disease, life cycle analysis) throughout the
course?
Why do you discuss these topics in these ways?
How did you decide which topics to include?
Can you summarize your teaching philosophy?
Can you tell me more about [specific teaching strategies used during the week of observa-
tions]?
Can you tell me more about [a previously mentioned class project]?
Do you discuss engineering and science career opportunities? How?
Do you encourage students toward specific career paths?
Michael Interview Spring 2014
Tell me about Sara.
How long have you known Sara?
In what context have you known her?
Was Sara typical of your students or was she a unique case?
In what ways?
Was Sara typical of your female students or was she a unique case?
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In what ways?
What was her involvement in the clean water program?
How did she get interested in engineering?
How did she make her college decision?
Please describe how Sara developed and grew over the time you knew her.
Where do think she will end up?
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Appendix G A Priori Codebook for CEA
Career Choice
Definition: This code is designed to show what students’ desired or undesired careers
are and should be able to answer the question, “What are students’ (un)desired future
careers?” This code includes intermediate careers that students name prior to a terminal
career.
Examples: I’m hoping to branch maybe off of geological engineering and kind of go into
environmental, but I mean I’m not fully positive that that’s what I want to do, but right
now that’s what my plan is.
Influence on Career
Definition: Captures the external influences of others on students’ career choice. This
code answers the question, “What/who influences students’ chosen career?”
Examples: Going to [country] definitely made me like start to and also my class in high
school with [Michael] that made me like just interested into it, and working like at the
internship further continued it, and then actually just being in college and experiencing
it makes me want to keep going.
Perception of Career
Definition: Characteristics students believe they need to be an engineer. This code
answers the question, “What do students think they need to be an engineer?”
Examples: I think that in order to be an engineer, you must have skills such as being
creative, intellectual, technical, good at math, etc. You need to be able to think outside
the box and work well in groups, as well as by yourself.
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Interest (area)
Definition: A person’s desire or curiosity to think and learn about an area (e.g. math-
ematics, physics, engineering, STEM, etc.). The code answers the question, “Is this
student interested/uninterested in [area]?”
Example: I like chemistry as a whole so like there’s not like a particular, because like
each new thing I just like learning more about it. I like being in AP Chem now because
we like go more into depth of where like chemistry was more just like on the surface.
Performance/Competence (area)
Definition: People’s beliefs about their ability to understand (competence) or excel (per-
formance) in an area (e.g. mathematics, physics, engineering, STEM, etc.). This code
should be able to answer the question, “How well does a student feel that s/he can
understand and do the tasks required?”
Example: I’m in pre calculus but like I mean I still get it (competence), like I get good
grades in that (performance), too.
*Note: students speaking of others coming to them for help is coded as Performance/-
Competence - (area). This concept loaded onto Performance/Competence rather than
Recognition in quantitative work [122].
Recognition (area)
Definition: How people perceive how others view them in relation to an area (e.g. math-
ematics, physics, engineering, STEM, etc.). This code should be able to answer the
question, “Does the student feel that others see them as the type of person who does
[area]?”
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Examples: They [friends] all know that I want to do the chemical engineering and they
all know that I, my friends tease me about it, I go yeah, you’re a chemistry nerd. I’m
like whatever. But so I mean, my friends realize that I like it.
*Note: students speaking of others coming to them for help is coded as Performance/-
Competence - (area). This concept loaded onto Performance/Competence rather than
Recognition in quantitative work [122].
Identity (area)
Definition: How individuals see themselves based on their perceptions and navigation of
everyday experiences in a given context . This code answers the question, “What kind
of person does the student see/not see themselves as?”
Example: I still think of myself as a like a math-based person it’s just been a lot harder.
Agency Beliefs
Definition: students’ perception of their ability to change their world through everyday
actions and their broader goals. Students agency beliefs involve how students see and
think about STEM as a way to better themselves and the world . This code should be
able to answer the question, “Does a student value science/engineering for action/change
in the world in direct relation to his/her life?”
Example: I just wanted to go there to help people out. So, I mean it [bringing water to
country] taught me just like once again to like be thankful for what I have, and just um
that you should always help people, and, and then they liked helped me out with they
changed me and made me a better person, and like yeah. It’s a really neat thing.
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Appendix H Emergent Codebook for Qualitative Data
Mastery Orientation
Definition: This code is designed to show students’ intrinsic motivation. These students
believe that they have some control over factors related to learning. Specifically, that
they can learn, that hard work and efforts pays off, and that they have or can acquire
strategies that will help them learn. This code should be able to answer the question,
“Does this student believe that their success or failure depends on the amount of effort
they invest in the project?” This code includes students beliefs that they can learn more
and love of learning for knowledge rather than performance.
Examples: I mean, Im not the kind of student that just takes something and then like
forgets about it. Like I actually want to learn everything because I do love learning.
I just learn by teaching myself more so I just, like I can see everything better, I mean,
yeah, I can do the labs and figure it out and stuff but I mean like in the learning aspect
I can just learn better on paper and stuff I guess.
Grit
Definition: This code is designed to show the tendency to sustain interest in and effort
toward very long-term goals and should be able to answer the question, “What are
students’ level of determination or grit?”
Examples: I mean it’s [engineering] one of my goals in life. It’s something that I think I
would enjoy to do, and I could just see myself doing it and so, like I guess, just because
like I know that I can do it and like I’m not just gonna give up on it.
I like having the challenge. Like it is a harder field to go into and it keeps me working
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to be better and study more and stay on top of things and I don’t know. I just, I like
that part of it.
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